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This thesis studies the content of the implied volatility (IV) of SPX and SPY options,
and explores the IV for the prediction of equity premiums and variance risk pre-
miums, and compares these two option premiums. My thesis is organized in three
chapters as follows,
In Chapter 2, we provide a comprehensive study of the IV smirk in the SPDR
S&P 500 exchange-traded fund (SPY ETF) option market. The IV curves are down-
ward sloping with little curvature, exhibiting an almost straight line. However, the
shape of the IV curves becomes more curved during the global financial crisis (GFC)
period, showing that the commonly accepted IV smirk shape is driven by the GFC.
In addition, based on in-sample and out-of-sample tests and asset allocation analy-
sis, we show that the first difference of the slope factor can predict the next month’s
SPY excess returns.
In Chapter 3, we study the pattern of S&P 500 index (SPX) options’ IV curves
and their predictive ability for the variance risk premium (VRP). We find that the
commonly-accepted SPX IV smirk shape is driven by the global financial crisis (GFC)
period. We find that the daily and monthly VRP can be significantly predicted by
the IV factor term spreads. The level factor (at-the-money IV) term spread shows
significant predictive power for all our monthly VRP proxies, namely the investable
variance swap and S&P 500 straddle returns in both in-sample and out-of-sample
tests. At a daily frequency variance swap returns can be predicted in-sample, but
only the straddle returns can be predicted out-of-sample. This disparity is likely
due to monthly variance returns aligning more with the expectation horizons of the
quantified IV factors.
In Chapter 4, we show that SPY ETF options (American) are more expensive
than SPX index options (European) on average. However, there are times when SPX
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options are more expensive than SPY options throughout the sample. This result
is more pronounced for call options. Dividend payments seem to play an impor-
tant role in explaining this phenomenon as the dates explain the difference between
SPY and SPX premiums over time. The dividend has a negative effect on the SPY
and SPX call option price difference in both time-series and cross-sectional tests. By
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I got to know Professor Jin Zhang at the end of my Master’s year at Tsinghua Univer-
sity in 2016. At that time, he emailed our department enquiring whether anyone was
interested in doing a finance PhD. I regarded this as a unique opportunity for me, as
I was interested in finance and wanted to become a finance researcher in the future.
Compared with being engineering researcher, I am more in favour of finance, as this
field is more related to our daily activities. After a few meetings with Professor Jin, I
started my application for the PhD of the University of Otago. Finally, with the help
of Jin, I was accepted as a PhD candidate and was granted a PhD scholarship. My
PhD journey started in April 2018.
After discussions with my supervisors, I decided to study the implied volatility
(IV) of options via an empirical method. A huge number of newly published papers
in top journals are related to IV, and this research field is one of the most active
research topics in finance, which will continue to be active in the future. With the
help of my supervisors, I choose SPX options and SPY options as my research objects.
Specifically, I study the IV of these two markets and the content of the IV. I study the
predictive power of IV in these two markets for equity risk premiums and variance
risk premiums.
Chapter 1. Introduction 2
1.1 Motivation
The IV is a good measure of future risk and is associated with future equity and
option returns. The literature has shown that the dynamics of IV can predict future
security returns. An, Ang, Bali, and Cakici (2014) show that the increase in call (put)
options IV is associated with subsequent high (low) stock returns. The IV spread
between call and put options can also predict future security returns. Cao, Simin,
and Xiao (2020) show that the call and put IV spread can predict the equity premium
on the cross-section and outperforms many popular equity predictors. Lei, Wang,
and Yan (2020) show that the IV spread between call and put options can predict
stock returns, and that this predictability is stronger during earnings announcement.
Another strand of study on using IV to predict security returns focuses on moment
factors abstracted from the IV surface. Zhang and Xiang (2008) propose to use a
quadratic polynomial to fit the S&P 500 IV curves and obtain the level, slope and
curvature of the IV curves. Jia, Ruan, and Zhang (2021) use the IV curve factors in
commodity options to predict index returns. The work from Chapter 2 uses the IV
curve factors to predict SPY returns and find that IV innovation can be a significant
predictor.
The IV is also closely related to the variance risk premium. There are numerous
studies on IV-related variance risk premiums. Bollerslev, Tauchen, and Zhou (2009)
define the variance risk premium as the difference between implied and realized
variance and find that the variance risk premium can predict future aggregate stock
returns well. Dufour, Garcia, and Taamouti (2012) further separate variance risk
premiums into positive one and negative ones, and find that positive variance risk
premiums have a stronger predictive power. Pyun (2019) proposes a new method
to forecast market returns using the variance risk premium and find that this pre-
diction is significant economically and statistically. Researchers find that variance
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risk premium risk is an important component of other types of risks. Bollerslev and
Todorov (2011b) study the other risks that may be a portion of the variance risk pre-
mium. They apply intraday S&P 500 data to estimate the market disaster risk pre-
mium and find that this market tail risk takes a large proportion of the variance risk
premium. Andersen, Fusari, and Todorov (2020) provide evidence that tail risk is re-
lated to the variance risk premium from international markets. Caporin, Kolokolov,
and Renò (2017) further explore the variance risk premium in co-jumps in several
stocks and find that large jumps after bad news are associated with a big increase in
variance risk premium. Caporin, Rossi, and Magistris (2016) apply a heterogeneous
autoregressive model to estimate the dynamics of volatility with jump and find that
the variance risk premium is an important determinant of volatility jump. Wang,
Zhou, and Zhou (2013) examine the relationship between firm-level credit spread
and variance risk premiums, and find that the variance risk premium is a leading
factor in explaining the credit spread risk.
The third topic in my thesis is the dividend effect in index and ETF options prices.
Index options, represented by S&P 500 options, is a European-style option, while
ETF options, represented by SPDR S&P 500 ETF options, is an American-style op-
tion. Without a dividend, an American call option should not be early exercised, be-
cause early exercise will waste the time value of the fund to own the stock. For call
options with a dividend, the options should be early exercised before ex-dividend
dates, if the dividend amount exceeds the time-value of the fund to own the stock.
For American put options, the early exercise date can be any day before the expi-
ration date both for dividend-paying and non-dividend-paying stocks. However,
many researchers document the irrational early exercise behaviour in the markets.
Poteshman and Serbin (2003) document that there are a large amount of irrational
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option trading exercise in CBOE (Chicago Board Options Exchange)-listed call op-
tions, and this irrational behaviour is more common in discount customers and full-
service customers than in firm proprietary trades. Pool, Stoll, and Whaley (2008)
document US ETF call options, and the failure to early exercise call options causes
loss of over 491 million dollars. Barraclough and Whaley (2012) study the early
exercise of US put options, and find that there is also a large amount of irrational
early exercise. In our paper, we compare prices of European-style SPX options and
American-style SPY options with the same moneyness and maturity, and use divi-
dend as a potential factor to explain the variation of this difference between these
two markets. We also build a long-short strategy to verify the effect of dividends on
the variation of the option premium difference.
1.2 SPX and SPY options
SPX options are index options written against one of the most popular capital-weighted
indexes, the S&P 500 index. SPY options are ETF options written against the SPDR
S&P 500 ETF (SPY), which tracks the dynamics of SPX. SPY tracks SPX well, with
small tracking error (Charteris and McCullough, 2020). SPX and SPY are similar
quotes, but with significant differences. SPX is an index, which is a capital-weighted
index of the 500 largest capital companies in the US and is regarded as an indicator
of the US stock market. SPY is an ETF, which is a portfolio of stocks, trying to repli-
cate the dynamics of SPX. SPX is a nontradable index, while SPY is tradable on the
market. By the end of 2020, SPY ETF is the largest ETF with asset under management
of around 320 billion US dollars.
Based on the two underlying quotes, SPX options and SPY options are the most
liquid index options and ETF options globally. Even though SPY options have a
larger volume than that of SPX options, the trading value of SPX options is larger
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than that of SPY options, because an SPX options contract is around 10 times the size
of a SPY options contract. SPX options are European style settled by cash because
the underlying is a non-tradable index. SPY options are American style settled by
shares because the underlying is the tradable SPY ETF security.
1.3 Contributions of this PhD thesis
In Chapter 2, we document the IV curves for the most liquid ETF options, SPY op-
tions, and study the pattern of SPY IV curves during the Global Financial Crisis
period. Our documented results provide important guidance for investors trading
ETFs. The IV curve factors have been shown as significant predictive factors for eq-
uity premiums. We examine the factors that are significant for SPY options. Our
results complement studies on ETFs.
Chapter 3 documents the SPX IV curves until the year of December, 2017, and
studies the predictive power of IV factors with different moments for variance risk
premiums. Our research expands on the findings of Johnson (2017), which only
looked at the predictive power of the VIX index. Our study also guides investors on
building portfolios and asset management.
In Chapter 4, we show that SPY ETF options (American) are normally more ex-
pensive than SPX index options (European) on average, two contracts with essen-
tially the same underlying exposure in S&P 500 stocks. This result is more pro-
nounced for call options than put options. Our studies provide empirical evidence
for the impact of dividend payments on movements of security prices.
1.4 Structure of the thesis
This thesis consists of three independent but closely related essays as in Table 1.1.
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The first essay, Chapter 2, studies the IV curves in SPY options, and examine the
ability of IV curve factors to predict SPY ETF returns. In the second essay, Chapter
3, we study the variance risk premiums of SPX options, and examine the predictive
power of SPX IV curve factors for the synthetic variance swap returns and S&P 500
straddle returns. In Chapter 4, we document the dynamics of the SPX and SPY
option premiums under constant moneyness and maturities and compare SPX and
SPY options. We also study the dividend effect on the variation of the difference
between SPX and SPY option premiums and underline the dividend effect on the
option premium difference.
In Chapter 2, we apply the method of Zhang and Xiang (2008) to quantify the
SPY IV curves and obtain the level, slope and curvature coefficients. we also calcu-
late the level, slope and curvature with constant maturities to observe exactly the
dynamics of the IV curve factors. We apply a subsample analysis to check the IV
curve patterns during the GFC period, and find that the SPY IV smirk only appears
during that period. This shows that the IV curve pattern may be changing over time.
We also provide a theory from Zhang, Zhao, and Chang (2012) and Zhang, Chang,
and Zhao (2020) to explain the negatively skewed and positively curved IV during
the GFC. The jumps in returns contribute to the negative smirk in the GFC period.
When examining the predictive power of the IV curve factors, we find that the first
difference of the slope factor is a significant predictor for next-month SPY returns via
in-sample and out-of-sample tests. We further show that the trading strategy based
on factor predicting results can earn a high Sharpe ratio and certainty equivalent
returns. Our results are robust under the control of popular equity predictors.
In Chapter 3, we quantify the IV curves of SPX options using the method of
Zhang and Xiang (2008), and calculate the level, slope and curvature factors. We
Chapter 1. Introduction 7
use interpolation to obtain the level, slope and curvature factors with different ma-
turities. Then we examine the predictive power of these IV curve factors for vari-
ance asset returns, proxied by S&P 500 synthetic variance swap returns and S&P
500 straddle returns. To test the predictive power of IV curve factors, we conduct
comprehensive in-sample and out-of-sample tests. As Welch and Goyal (2008) sug-
gest, most significant equity premium predictors in in-sample tests lose predictive
power in out-of-sample tests. So we combine these two tests to examine the pre-
dictive power of the predictors. We find that the term spread of the level factor
between 360 days and 30 days is a significant predictor for variance asset returns
at a daily and monthly frequency. We show that the predictive power of the level
term spread is more significant on predicting month variance asset returns than pre-
dicting daily variance asset returns because the daily variance asset returns contain
more noise. The predictive power for S&P 500 straddle returns are more significant
than it for S&P 500 variance swap returns. Finally, we conduct a series of robustness
tests by changing the term spread maturity difference, out-of-sample period length,
and adding control variables.
In Chapter 4, we compare SPX (European) and SPY (American) option premi-
ums, and examine the dividend effect on driving the variation of the option pre-
mium difference between SPY and SPX. We first compare SPX and SPY option pre-
miums from average tests, and then compare the proportion of SPY options less ex-
pensive than SPX options over the whole sample. We find that SPY options are more
expensive than SPX options on average, but there are some times where SPY options
are less than SPX options. We find that the dividend may be an important factor to
explain this difference. The SPY and SPX option difference is more distinct in the
dividend-paying months of the SPY ETF. This phenomenon is more pronounced for
SPY and SPX call options. By building a trading strategy around ex-dividend dates,
we can earn risk-free returns for call and put option pairs, respectively. Our paper
Chapter 1. Introduction 8
confirms the effect of dividend payment of the underlying asset on option premi-
ums.


















































































































































































































































































































































































































































































































































































































































































The implied volatility smirk in
SPY options
This chapter is a joint work with Sebastian A. Gehricke, Xinfeng Ruan and Jin E.
Zhang. It was presented at the New Zealand Finance Colloquium, 13-15 Febru-
ary 2019, Lincoln University, Christchurch, New Zealand; and the Accounting & Fi-
nance Association of Australia and New Zealand (AFAANZ) Conference in a webi-
nar form, 5-7 July 2020, Melbourne, Australia. It was published in Applied Economics,
2021.
2.1 Introduction
In this chapter, we quantify the Implied Volatility (IV) curves for the SPDR S&P
500 Trust Exchange Traded Fund (ETF) options, which allows us to study the shape
and dynamics of the IV curves. Further, we investigate whether the IV factors can
predict future SPY ETF returns. Studying the IV curves’ dynamics is important for
risk management and asset allocation, since the IV curves contain risk information
for predicting future market returns. We apply the method proposed in Zhang and
Xiang (2008) to quantify the SPY IV curves, and provide a theory to explain the left
Chapter 2. The implied volatility smirk in SPY options 11
skewed shape during the global financial crisis (GFC) period. Then, we investigate
IV curve factors’ predictive ability for SPY returns.
ETF markets have become increasingly popular with investors in recent years.
By the end of 2018, there are more than 1800 unique ETF products covering numer-
ous conceivable market sectors and trading strategies, with a capital value of approx-
imately 3.4 trillion dollars. The low cost and easy diversification of ETFs make them
attractive tools to investors. Unlike stocks, ETFs provide access to diversified portfo-
lios without needing to purchase individual stocks separately, therefore lowering the
costs to hold highly diversified portfolios and investors can easily and cheaply enter
and exit ETFs through trading on an exchange, unlike closed end funds. Among
ETFs, the SPY ETF is the largest and most liquid ETF, as presented in Table 2.1, in
terms of the capital value under management and trading volume.
Based on the prosperity of ETFs, the options written on ETFs have started to
become popular in the early 21st century. Among all of the ETF option markets,
SPY options are the most popular. The Chicago Board Options Exchange (CBOE)
first issued options on the SPY ETF in January 2005. As presented in Table 2.2, the
trading volume of SPY options is the largest among all ETF options in the year of
2017, with around 22 million contracts. SPY options normally have no more than 1
penny bid-ask spreads, which minimizes the transaction cost for investors to hedge
or speculate on the S&P 500 index.
Figure 2.2 shows the trading volume and value of SPY options from January 2005
through December 2017. We can see that its trading volume and value shows an
upward trend since January 2005 through December 2017. The highest spike of the
trading volume and value happens around June 2011 due to the European Sovereign
Debt Crisis. When examining the dynamics of the trading volume and value for the
SPY call and put options separately, they show similar dynamics as those of the total
markets, but the trading volume and value for the put options are larger than those
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for the call options, indicating that the put options are more popular in the market.
There are a lot of studies on modelling EFT volatility. Chen and Huang (2010)
use the Generalized Autoregressive Conditional Heteroscedasticity-Autoregressive
Moving Average (GARCH-ARMA) and the exponentially Generalized Autoregres-
sive Conditional Heteroscedasticity-Autoregressive Moving Average to study the
leverage effects on the volatility of index ETFs. Huang, Tong, and Wang (2020) fur-
ther investigate the performance of the popular discrete-time volatility models in
pricing SSE 50 ETF options. However, they focus on the validity of the models. In
our chapter, we study IV smirk of SPY options, in particular its shape and dynam-
ics. We also explore how SPY returns are related to their IV curve factors. There
are exhaustive studies on the predictive power of IV curves on index returns and
equity returns. For instance, Xing, Zhang, and Zhao (2010) study the cross-sectional
predictive ability of a IV smirk measure on future equity returns. Ruan and Zhang
(2018) study the time-series predictive power of risk-neutral moments in the crude
oil market. In our chapter, we study whether IV curve factors can predict SPY re-
turns.
As derived in Zhang and Xiang (2008), the IV curve factors are related to the
variance, skewness and kurtosis of the underlying asset returns. The literature pro-
vides empirical evidence that the market skewness and kurtosis risks are priced
in the cross-section of asset returns (Chabi-Yo, 2008; Bali and Murray, 2013; Con-
rad, Dittmar, and Ghysels, 2013; Chang, Christoffersen, and Jacobs, 2013; Dai, Zhou,
Kang, and Wen, 2021). One explanation for the predictive ability of the higher mo-
ments is that the higher moments factors could be indicators of the underlying asset
conditions (Ang, Hodrick, Xing, and Zhang, 2006; Colacito, Ghysels, Meng, and Si-
wasarit, 2016). Yan (2011) shows that the slope of IV of options is related to stock
jump risk. Another explanation is that higher moments affect stochastic discount
factors (Conrad et al., 2013; Colacito et al., 2016), thus affecting asset returns. In this
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chapter, we postulate that the IV factors, which are related to higher moment risks,
may be predictors for SPY returns.
In this chapter, we quantify the IV curves using a quadratic polynomial follow-
ing the method developed by Zhang and Xiang (2008) and study the dynamics of
IV curve factors with constant maturities. To have a clear look at the dynamics of
the IV smirk during the GFC period, we also explore a subsample analysis. Then
we employ the theory of Zhang et al. (2012) and Zhang et al. (2020) to explain the
significantly skewed shape of the IV curves during the GFC period. After that, we
investigate the predictive power of the SPY IV curve factors on the monthly SPY
excess returns. Beyond including the level, slope and curvature factors, we also cre-
ate the third and fourth cumulants following Ruan and Zhang (2018), as predictors.
In line with the procedure in Ruan and Zhang (2018), we test the predictive ability
of each of the predictors for the excess SPY returns based on in-sample and out-of-
sample results. We measure the economic value of each IV curve factors by investing
a portfolio based on the factor’s predictability following Rapach, Ringgenberg, and
Zhou (2016). We further provide robustness checks along with control variables.
The main results are summarized as follows: 1) On average, the IV curves of
the SPY ETF options exhibit a downward sloping line with some minor curvature.
2) The well accepted smirk shape of IV curves is only pronounced during the GFC
period, but not during normal times and previous findings of the smirk shape may
be driven by crisis periods. 3) The first difference of the slope factor, obtained from
the IV curves, has a statistically and economically significant ability to predict the
next-month excess SPY ETF returns. 4) Our results are robust to popular predictors.
Our chapter contributes to several strands of literature. First, we contribute to the
study of the IV smirk. A voluminous literature documents the IV smirks in index
option markets. Pan (2002) documents the IV smirk in the S&P 500 market and pro-
poses that the jump risk can explain the IV smirk. Carr and Wu (2003) document the
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S&P 500 IV smirk shape and find that the IV smirk exists in options with maturity
of up to two years. Benzoni, Collin-Dufresne, and Goldstein (2011) document the
IV smirk shape for equity index options, and they propose that the arrival of jumps
triggers agents’ belief about future jump, thus generating the IV smirk. In this chap-
ter, we document the overall average IV smirk shape for the SPY market, which is
the most liquid ETF market, however we find that this shape is largely driven by the
GFC in our sample period. We employ the theory of Zhang et al. (2012) and Zhang
et al. (2020) to show that the downward sloping IV curve shape could be due to the
jump effect.
Second, we employ the method proposed by Zhang and Xiang (2008) for quanti-
fying the IV curves in SPY market. This method has been used in other markets. Li,
Gehricke, and Zhang (2019) apply the method to quantify the IV smirks in the FXI
(iShares China Large-Cap ETF) market. Gehricke and Zhang (2019) also apply this
method to quantify the IV smirks in the VXX (S&P 500 VIX Short-Term Futures ETN)
market. Aschakulporn and Zhang (2020) further employ the method to quantify the
New Zealand whole milk powder options.
Finally, our chapter contributes to studies on predicting equity returns. There are
a huge volume of studies on predicting equity returns (Ang and Bekaert, 2007; Welch
and Goyal, 2008; Campbell and Thompson, 2008; Bollerslev et al., 2009; Cochrane,
2011; Neely, Rapach, Tu, and Zhou, 2014; McLean and Pontiff, 2016; Lin, 2018; and
many more). Welch and Goyal (2008) study 14 popular predictors’ predictability
on equity returns, exploring in-sample and out-of-sample tests, and find that all of
these predictors perform poorly. Other authors also reexamine the predictive ability
of other macroeconomic factors from different perspectives. Ang and Bekaert (2007)
specifically examine the predictive power of dividend yield at different horizons,
while Gourio (2012) looks at the disaster risk and business cycle effect on equity
risk premia. In our chapter, we focus on using the IV curve factors to predict SPY
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returns. There are several papers that explore using IV factors to predict asset returns
(for example, Ruan and Zhang, 2018; Li et al., 2019; Aschakulporn and Zhang, 2020),
however none have followed this approach for SPY returns.
The remainder of the chapter is organized as follows: Section 2.2 describes the
data. Section 2.3 elaborates on the methodology. Section 2.4 shows the results, and
Section 2.5 concludes.
2.2 Data
We obtain the SPY ETF and options data from the OptionMetrics, from 5 January
2005 through 31 December 2017. We calculate the monthly SPY returns using the
continuously compounded return over the month inclusive of dividends, which are
also obtained from OptionMetrics. The risk-free rate, proxied by the one-month
U.S. Treasury rate, is obtained from U.S. Treasury website. All the monthly data is
sampled at the last trading day of the month.
The price of options we use is the middle of the bid and ask quote prices. Before
we start our analysis, we clean the options data following the existing literature, as
below:
• We filter out the options with zero bid price and those with mid quotes less
than 0.2 as in Chang, Christoffersen, and Jacobs (2013).
• We discard those options without information in the OptionMetrics database
as in Neumann and Skiadopoulos (2013).
• We exclude the options with maturity of less than 7 days following the VIX
white paper (https://www.cboe.com/micro/vix/vixwhite.pdf).
• We discard the option chains which have less than 3 strike prices, because at
least three observations are required to employ our quantification method.
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Table 2.3 reports a summary of the daily trading activities of SPY options after
cleaning. The statistics include mean strike numbers, mean trading volume, mean
open interest and mean maturity days. In general, the mean number of option con-
tracts across strike prices each day is 113. The maturity categories with less than
30-day maturity and 90-180 days to maturity have the largest strike numbers and
trading volume, meaning these two maturity categories are the most liquid among
all the maturity categories. In terms of mean open interest, the maturity with less
than 30 days and 30-60 day to maturity are the two most popular categories. As most
options, such as like SPX options (Bakshi and Kapadia (2003) and Broadie, Chernov,
and Johannes (2009)), the SPY options with shorter time to maturity are more heavily
traded.
2.3 Methodology
This section describes the methodology, proposed by Zhang and Xiang (2008) to
quantify the SPY IV curves. Further we present a predictive regression analysis
using the factors extracted from the IV curves to predict SPY returns. Lastly, we
present our methodology for further exploring the predictive power of the IV factors
using asset allocation tests.
2.3.1 SPY returns
Following Fama and French (1993), Chang, Christoffersen, and Jacobs (2013), Fama
and French (2015) and Ruan (2019), we calculate the monthly excess return at t as:
Rt = lnSt − lnSt−1 − rt, (2.1)
where St is the SPY ETF mid-quote price at the end of month t adjusted by div-
idends, rt is the one-month risk-free interest rate proxied by the one-month U.S.
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Treasury bill yield. The one-month interest rate listed on the U.S. Treasury website
is the annualized number, the monthly interest rate is the number divided by 12,
which is throughout our sample close to zero.
2.3.2 Quantifying IV curve
For a certain maturity date, Zhang and Xiang (2008) apply a second-order polyno-
mial to quantify the IV across all strike prices, as given by,
IV (ξ) = α0 + α1ξ + α2ξ
2, (2.2)
where α0, α1, α2, are the quantified IV curve coefficients. These can be transformed
to the dimensionless factors to obtain the following quantified IV curve::
IV (ξ) = γ0(1 + γ1ξ + γ2ξ
2), (2.3)
where γ0, γ1, γ2, are the level, slope and curvature factors of the IV curve. Here,






where F0 is the forward price obtained from the put-call parity, K is the strike price,
σ is the standard deviation, which is proxied by the VIX index. Lastly, τ is the annu-
alized time period to maturity of the given contract. Here the definition of money-
ness is adopted by Zhang and Xiang (2008) from Carr and Wu (2003).
We employ two types of fitting methods, one is volume-weighted least squares,
another is ordinary least squares. For the volume-weighted least square method, the




ξ V ol(ξ)(IVMKT (ξ)− IVFIT (ξ))2∑
ξ V ol(ξ)
. (2.5)
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where V ol(ξ) is the trading volume, IVMKT (ξ) is the market IV, IVFIT (ξ) is the fitted
IV, for a given moneyness, by estimating equation (2.3).
The contracts with higher volume should exhibit more reliable information, and
should therefore be given more weights, so volume-weighted least square (WLS) is
the main method we apply to fit equation (2.3), following Zhang and Xiang (2008).
For some IV curves, the volume-weighted curve is not very good because of spotty
trading. In those instances, the ordinary least square (OLS) method is more reliable.
To determine in which situation ordinary least square should replace the volume-
weighted least square method, the increase in the ordinary R2 is examined.
Since the R2 of WLS is always smaller than that for its corresponding OLS re-
gression, we use a threshold approach to decide which regression to run to fit the IV
smirks. When the R2 for the WLS plus a threshold is larger than R2 for the OLS, a
WLS regression is applied to fit the second-order polynomial. The threshold number
is determined by a trade-off between the proportion of the WLS regression and the
fitting improvement. After a test on the threshold, we set the threshold number to
be 10%.
2.3.3 Predictive regression analysis
In this section, we outline our predictive regression framework to test the explana-
tory ability of the factors calculated from IV curves. We test the in-sample and out-
of-sample performance of each factor.
2.3.3.1 In-sample tests
A predictive time series model is run for SPY ETF returns under the standard frame-
work as in Welch and Goyal (2008) and Rapach, Ringgenberg, and Zhou (2016),
Rt:t+1 = α+ βxt + εt:t+1, (2.6)
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where t = 1, 2, . . . , T − 1, Rt:t+1 is the excess returns on the SPY ETF on the next
month , xt is the time series of predictor. As an example of the factor predictive
power test, we run non overlapping regressions of SPY ETF returns on the indepen-
dent factor, and the test for other forecasting horizons can be conducted in a same
way. We examine the significance of the Newey and West (1987) adjusted t-statistic
of βxt and adjusted R2 to decide whether the predictor is significant in predicting
the future SPY ETF returns.
2.3.3.2 Out-of-sample tests
As suggested in Welch and Goyal (2008), in-sample tests seem to produce robust
results. They find that all predictors exhibiting predictability in in-sample tests show
poor results in out-of-sample tests. The out-of-sample test is an efficient instrument
to further test the results of in-sample tests, and provides some guidance for market
investors. We set the last third of the sample period as the out-of-sample. Applying
the methodology of Rapach et al. (2016), we mainly test the magnitude of out-of-
sample R2OS as a measure of performance in predicting the excess SPY ETF returns.
For each of the predictors, the predicted value for the out-of-sample regression
expression at time t+ h conditional on time t is,
R̂t,t+h = α̂+ β̂xt, (2.7)
where α and β are the coefficients obtained from the regression estimates for factor
x on the period from the beginning through month t. As the equation (2.7) indi-
cates, the predicted value for the return on t+ h follows the trend obtained from the
beginning of the sample period through t. In general, the movement of the return
conditional on time t follows a martingale as in Bakshi, Kapadia, and Madan (2003)
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After obtaining all the estimated values for the out-of-sample period, we cal-
culate the R2OS with a similar method as the in-sample analysis. The R
2
OS for the













i=1Ri is the mean of the excess returns from the beginning through
time t.
The R2 for in-sample tests is the adjusted R2 in the Newey-West regression with
six lags. The out-of-sample R2 measures the performance of the predictor with the
prevailing mean forecast as a benchmark. In line with Clark and West (2007), the
MSPE statistic for the prevailing mean regression model and the predictor regression
model is defined as,
ft+1 = (Rt+1 − R̄t+1|t)2 − ((Rt+1 − R̂t+1|t)2 − (R̄t+1 − R̂t+1|t)2)2, (2.9)
where R̄t+1|t is the forecasting value from the prevailing mean forecast model, R̂t+1|t
is the forecasting value from the specified factor model. We present the significance
of the t-statistic by regressing the ft on a constant. The positive t statistic imply
the factor predictive model perform better than the historically averaging forecast
model.
2.3.4 Asset allocation analysis
To assess the significance of different factors to predict the future excess returns, we
construct a mean-variance portfolio consisting of the SPY ETF and a risk-free asset.
At the end of month t, we calculate the weight on equity for the next month as








where γ is the relative risk aversion coefficient, we set this to 3 in line with Rapach
et al. (2016), R̂t+1 denotes the excess return for t through t+1 using the predictive re-
gression, and σ̂2s is an estimate of the equity excess return variance using a five-year
moving window. To make the portfolios realistic, the weight on equity is assumed
to be between -0,5 and 1.5, as in Rapach et al. (2016). When the calculated weigh is
beyond the range, the weight is set to be the upper bond or the lower bound. At the
end of month t, we hold the portfolio consisting of the SPY ETF and a risk-free asset
with the weight given in equation (2.10) from t through t+ 1. At the end of t+ 1, we
rebalance the weights on the portfolio for next month. This procedure is repeated
until the end of the sample.
We can obtain a certainty equivalent return (CER) from a series of returns gener-
ated by the strategy given in equation (2.10):





where γ is the relative risk aversion coefficient, R̂p and σ̂p2 are the mean and vari-
ance of the portfolio returns for the whole estimation period. Using the prevailing
mean forecast as a benchmark, the CER gain in our chapter is the excess return dif-
ference between the portfolio returns generated by the factor allocation strategy and
the prevailing mean strategy. In other words, the CER gain is the return that the
factor prediction generates superior to the prevailing mean forecast. When the CER
gain is negative, it means the IV factor forecast portfolio underperforms that of the
prevailing mean forecast portfolio. The Sharpe ratios for the portfolio returns based
on each of the factor strategies are also reported in our chapter.
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2.4 Empirical results
In this section, we present the summary results for the average quantified IV curves,
the IV factor performance in predicting, in-sample and out-of-sample, and the re-
turns to the factor based asset allocation tests.
2.4.1 Quantified IV curve
This section presents the dynamics of the IV curves for SPY options. In Table 2.4, we
summarize the quantified IV curve coefficients (α0, α1, α2), the quantified IV curve
factors (γ0, γ1, γ2), the coefficient of determination (R2) and the mean time to matu-
rity by category.
The level factor (γ̂0), an estimate of the exact ATM IV1, for SPY options is 0.1809
on average across the whole sample. The mean level factor increases monotonically
from 0.1414 to 0.2002 for the less than 30-day maturity to the more than 360-day ma-
turity, respectively. It is consistent with our intuition that the IV of the options rises
as the maturity time increases, because the long-term horizon contains more uncer-
tainty than the short-term one. As expected, the level coefficient is significant at 5%
for almost all of the quantified IV curves. The standard deviation of the IVs across
all maturities seem negligible compared to the magnitude of them. The standard
deviation across the whole sample maturity categories is only 0.0005, less than 0.3
percent of its coefficient magnitude.
When we examine the slope factor (γ̂1), we can see that on average the IV curves
are downward sloping. The slope factor on average for SPY options is -0.2818. The
average magnitude of the slope factor increases from -0.2709 to -0.2945 for < 30
maturity and 90-180 day maturity, respectively, and then decreases after the maturity
is greater than 180 days. This shows that the IV curves become steeper as maturity
1α0=γ0 gives an estimate of the exact ATM IV, that is the IV where ξ=0, while ATM IV is usually
the closest one to ξ=0.
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increases. The proportion of the slope factor significant at the 5% level of significance
is smaller than that for the level factor, but it is still a very large proportion for all
maturity groups ranging from 99.49% to 99.99% of slope factors being significant.
The standard deviation of the slope is larger, relative to the coefficient magnitude,
than that of the level factor, showing that the slope factor is harder to estimate or
agree upon by option traders.
The last quantified IV curve factor is the curvature factor (γ̂2). The average curva-
ture factor over the whole sample is -0.0051 for SPY options. The curvature factor for
SPY options is positive for< 30 day maturity, and then turns negative for all maturi-
ties greater than 30 days, although the magnitude of the curvature is not remarkable.
The proportion of the curvature factor with significant estimates is smaller than the
proportion for slope factor estimates, with overall significance proportion at 5% level
being 81.77%. The proportion of the significant curvature coefficients at 5% tends to
decrease, after a fluctuation, for longer maturities.
The proportion of significant factors decreases going from the level to slope and
slope to curvature factor, which is consistent with our intuition, that higher dimen-
sional information is more difficult to estimate by option traders and their views of
will be less consistent.
Figure 2.3, 2.4, 2.5 show the fitted lines of the IV, trading volume of each con-
tract and the market IVs for SPY options on 1 October 2007, 1 October 2012 and
30 September 2015, respectively. Figure 2.3 shows that the IV curves are all down-
ward sloping. The curves become more flat and less convex as the maturity grows,
which is consistent with the above results. As shown in Table 2.4, the curvature of
the IV curves with maturity greater than 60 days mostly turns negative on the three
selected days.
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2.4.2 Constant maturity factors
Until now, we have examined the pattern of the IV curves for different maturity
groups. However, within each maturity group, there can be several maturities. To
have a more accurate presentation of how the IV factors evolve over time, we con-
struct constant maturity IV factors. By doing this, we can precisely see the time
series of the IV factors with the same maturity. We can also explore the evolution of
the term structure of the IV factors.
To create the constant maturity factors, two adjacent factors with maturities close
to our target maturity are interpolated or extrapolated as follows,
γτ0 = γ
τ1
0 ω + γ
τ2
0 (1− ω) (2.12)
γτ1 = γ
τ1
1 ω + γ
τ2
1 (1− ω) (2.13)
γτ2 = γ
τ1
2 ω + γ
τ2





where τ is the target maturity, τ1 is the first closest below the target maturity, and τ2
is the first closest above the target maturity. Interpolation is applied, when the target
maturity is between the two closest maturities. If the target maturity is beyond the
maturity range, the IV factors are set to be the upper bound or the lower bound
maturity of the factors.
In Figure 2.6, we present the evolution of the 30-, 60- and 90- day constant ma-
turity level, slope and curvature (γ̂0, γ̂1, γ̂2). The time series of the level, slope and
curvature factors are very similar for their three maturities. The level factor is pos-
itive throughout the time period, following a mean-reverting pattern, which is a
generally accepted pattern of volatility in the literature (Kim, Shephard, and Chib,
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1998; Alizadeh, Brandt, and Diebold, 2002; Yan, 2011; Cremers, Halling, and Wein-
baum, 2015; among others). The volatility of SPY options is small during the normal
times before December 2007, followed by a sharp increase lasting for around one
year. After that, the SPY ETF volatility reaches its peak of 100% around September
2008, during the peak of the GFC, followed by a sharp fall. That the volatility of
SPY options experienced another two spikes in March 2010 and May 2011, which
may result from the follow-up effect of the GFC in 2008 and the European sovereign
crisis in 2011. We can see the SPY ETF volatility is a good indicator of financial cri-
sis events, meaning it will increase dramatically during the crisis period, and then
returns to a normal level after the crisis period.
With respect to the slope factor, it is mostly negative for all of the constant ma-
turity time series. This shows that the IV curves for SPY ETF options are almost
always downward sloping. In principle, the time series of the slope factor displays
a decreasing trend, albeit associated with highly frequent variation around the main
trend line. This shows that over our sample the IV curves are becoming ever more
negatively sloped. In line with the spikes found for the level factor, the slope factor
becomes steeper briefly during the GFC period and the European sovereign debt
crisis period. During these times OTM put options, a form of downside insurance,
are more expensive relative to OTM call options.
When examining the curvature time series, it is mostly positive, and occasionally
negative for a short period. This is consistent with the above results in Table 2.4
that the IV curves are mostly linear with minor curvature. The curvature for the IV
curves with long time to maturity seems to display higher spikes than that for short
maturity IV curves, during the GFC period. Meanwhile, its time series contains
many fluctuations rather than a few spikes in the financial crisis periods, as found
for the other factors.
Figure 2.7 shows the average constant maturity curves, determined by fitting a
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line based on the average constant maturity factors. As the maturity increases, the
IV curves of SPY options become more negatively sloped, and the curvature of SPY
options increases.
2.4.3 Subsample analysis for the GFC
To explore the effect of the GFC more closely, a subdivision of the sample is made.
Referring to the GFC period set in Lins, Servaes, and Tamayo (2017), the time period
between January 2005 to December 2017 is divided into three period, January 2005
- July 2008 (Before the GFC), August 2008 - March 2009 (GFC), and April 2009 -
December 2017 (After the GFC).
The fitted IV curves resulting from the constant maturity average factors within
each sub-period are plotted in Figure 2.8. We can see that the IV curves within the
GFC are very different from those before and after the GFC. We can see that, for our
sample period, we do not find a ‘smirk’ pattern outside of the GFC period. This leads
us to believe that the well accepted smirk shape (Pan, 2002; Jiang, 2002, Carverhill,
Cheuk, and Dyrting, 2009, among others) in the index options markets has dissi-
pated in recent years or is driven predominantly by crisis observations, as is the case
for our sample. The IV slope during the GFC becomes more negatively skewed, and
the curvature becomes more positively curved compared to normal periods.
Following the theory of Zhang et al. (2012) and Zhang et al. (2020), we provide
a theory to explain why the IV curve becomes more negatively skewed and pos-
itively curved during the GFC period. In the appendix, we build an equilibrium
asset pricing model in an production economy. We assume the price of the asset
follows a jump-diffusion process with stochastic volatility and jump intensity. By
solving the optimal problem of a representative investor with constant relative risk
aversion, we obtain the optimal condition, and build relationships between vari-
ance, third and forth cumulants, with jump. We can see that the IV smirk becomes
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more significant during the GFC period due to the increase in jump intensity and
a more negative jump size. In the appendix, Equation (2.4), we show that the third
and fourth cumulants are associated with jump intensity and jump size. When jump
intensity becomes more positive and jump size becomes more negative, the third
cumulant becomes more negative and the fourth cumulant becomes more positive,
thus the IV curve becomes more negatively skewed and positively curved. Boller-
slev and Todorov (2011a) show that jump intensity increases and jump size becomes
more negative during the GFC period, which is consistent with the results presented
here.
2.4.4 Predictive regression estimation
As the IV curve factors are proportionally related to the risk neutral moments (Zhang
and Xiang, 2008), we use these proxies for the risk neural moments and test their
ability to forecast SPY ETF returns.
2.4.4.1 Predictor variables
We apply the level, slope and curvature of the IV curves as predictors to predict the
next month excess returns. The excess returns and IV curve factors are measured at
the end of the month.
Considering the higher moment information and lag effect in time series regres-
sion, we create the first difference factors from the IV curve factors. In line with
Xing et al. (2010) and Ruan and Zhang (2018), we also create third, TC = γ1 × γ30 ,
and fourth order, FC = γ2 × γ40 , cumulants as predictors. When considering the
lag effect of the factors in predicting the SPY ETF excess returns, we include the first
difference of the level (γ0), slope (γ1), curvature (γ2), the third cumulant (TC) and
the fourth cumulant (FC) in line with Chang et al. (2013) and Conrad et al. (2013).
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Overall, 10 potential predictors are created to forecast the one-month ahead SPY ETF
excess returns.
Table 2.5 presents the summary statistics for 10 predictors from January 2005 to
December 2017. The mean of the level, slope and curvature is 0.1677, −0.2529 and
0.0123 respectively. The third cumulant is only −0.0021, and the fourth cumulant is
close to zero. The standard deviation of the first difference of the five factors is much
larger than its mean number, meaning the variation of the first difference is much
larger than its original number, therefore increasing the robustness of the regression.
Table 2.6 presents the pairwise correlation for all predictors. Among them, the
level and the third cumulant have the highest negative correlation of −0.85, which
is consistent with results in Ruan and Zhang (2018) and Chang et al. (2013). The
strongest correlation among the first difference factors, 0.66, is between the first dif-
ference of slope, ∆γ1, and the first difference of curvature, ∆γ2 ,remarkably weaker
than the correlation between γ0 and TC of −0.85.
2.4.4.2 In-sample results
Table 2.7 reports the OLS results of equation (2.6) for each of the factors associated
with IV curves for in-sample estimations. The table contains the β, t-statistic, ad-
justed R2 and p value. To address the autocorrelation and heteroskedasticity in the
time series regression, we adjust the standard errors using the Newey and West
(1987) method with six lags. The t statistics are estimated on a two side inference
to improve the robustness of the estimation. To avoid the bias in the overlapping
regression mentioned in Goetzmann and Jorion (1993), Ang and Bekaert (2007) and
Cochrane (2007), we only forecast the future excess returns with one month horizon,
that is h = 1.
In line with the effect of the predictive factors in Gharghori, Maberly, and Nguyen
(2017), most predictors have poor performance for the in-sample tests. In the monthly
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horizon forecasting estimation, only three factors, γ2, ∆γ1, ∆FC, exhibit significant
predictive power. ∆FC shows the strongest statistical significance among all the IV
factors with the t statistic of -2.33, while γ2 and ∆γ1 show moderate significance.
After the standardization for the factors, all the regression coefficients have the com-
parable values, except the smallest number of γ1, 0.0005, which is much smaller than
other factor coefficients. The ∆FC coefficient, −0.0070, is the largest among all the
factors, which means a standard deviation increase in ∆FC will contribute to -0.7
percent decrease in the next month excess return.
The adjusted R2 is also a measure to estimate the performance of the factors.
After considering the autocorrelation and heteroskedasticity in the time series re-
gression, the adjusted R2 itself is not enough to obtain a reliable result for the factor
estimation. As suggested by Campbell and Thompson (2008), a monthly adjustedR2
of approximately 0.5% associated with the factor regression represents a significant
predictive power. In Table 2.7, all the adjusted R2 of the significant factors are much
larger than this suggested value. The adjusted R2 of γ2, ∆γ1 and ∆FC is 1.18%,
1.69%, and 2.99% respectively. Moreover, the adjusted R2 estimates of other factors
are larger than 0.5%, even 1.77% for ∆γ0, but the t-statistic is not statistically signifi-
cant after the New-west adjustment with six lags. Overall, the adjusted t-statistic is
a more strict measure for estimating the significance of the predictors in the regres-
sion than the adjustedR2. Among all the IV factors in our chapter, γ2, ∆γ1 and ∆FC
show significant power to predict the next month excess returns, in-sample.
To further verify the predictive power of the first difference of slope, we report
the estimation results with a bootstrap of 10,000 times in Table 2.8. The t-statistics
are reported in the brackets with one-side tests. Our bootstrapping results show that
the first difference of slope is significant in predicting next-month SPY returns.
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2.4.4.3 Out-of-sample tests
We apply out-of-sample tests to further estimate whether the predicting model out-
performs the average history forecasting model. Table 2.9 reports the estimation
results for out-of-sample tests with the out-of-sample period being the one third of
the sample period from September 2013 to December 2017. For the out-of-sample
tests, ∆γ1 is the only predictor with a statistically significant improvement in MSPE,
and the highest adjusted R2 of 3.03%, implying that the ∆γ1 prediction beats the av-
erage history forecast model. In addition, TC, FC, ∆γ2 and ∆TC also show positive
improvements in MSPE, but the improvements are not significant. For the remain-
ing predictors, MSPE presents negative values, indicating that these factors fail to
beat the prevailing mean forecast model.
Combining the in-sample and out-of-sample tests, we can conclude that ∆γ1 is
the best predictor to predict the next-month SPY excess returns among all IV predic-
tors.
When changing the definition of moneyness, we obtain different results. As we
use the 360-day VIX as a benchmark to scale the moneyness, we find the IV curve
factors are not significant in predicting SPY equity returns as in Table 2.10. It shows
that our results are sensitive to the definition of moneyness.
2.4.5 Asset allocation
Table 2.11 reports the CER gains and Sharpe ratios for the portfolios obtained from
the predictive regressions from IV factors, as described in section (5.3.1). The CER
gain is a measure to estimate the prediction power of the factor in the forecast re-
gression model. Similar to the measure of the CER gain, the Sharpe ratio is another
measure to estimate the overall performance of the portfolio, consisting of an equity
and a risk free bill with weights determined by the factor forecasting regression. In
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principle, these two measures generate the same comparison results for a set of fac-
tors. By combining the comparison results from these two measures, we can obtain
a more reliable conclusion.
From columns (2) through (3) in Table 2.11, ∆γ1 performs best among all the
predictors in terms of CER gains. ∆γ1 generates the highest annualized CER gains
of 1.65% among all the predictors. Besides, only four predictors, TC, FC, ∆γ2, ∆TC,
generate the positive CER gains, but well below that of ∆γ1. The Sharpe ratio of 1.05
for ∆γ1 is the second largest among all the predictors, very close to the largest one
of 1.08 generated by ∆γ2. Even the smallest Sharpe ratio for ∆γ0 has 0.60, relatively
large compared to its CER gains of -3.61. In general, the differences of the Sharpe
ratios among the predictors are much smaller than those for the CER gains, that is
because the Sharpe ratio has a relative small variation range compared to that for
the CER gains. So the CER gains may be a better measure to estimate the predictive
ability of the factors. In terms of the CER gains and Sharpe ratios, we can draw a
conclusion that ∆γ1 has the strongest predictive power among all the IV predictors.
This is consistent with the results in Chang et al. (2013) and Amaya, Christoffersen,
Jacobs, and Vasquez (2015), who show the predictive ability of skewness for equity
returns.
2.4.6 Controlling for popular predictors
In this section, we provide robustness checks for the predictability of the first differ-
ence of the slope factor, by including some popular predictors as control variables.
We employ 15 predictors from Welch and Goyal (2008) and Moskowitz, Ooi, and
Pedersen (2012), the definitions of these predictors are as follows,
1. Log-dividend price ratio (DP): log of a 12-month moving sum of dividends
paid on the SPX minus the log of the SPX price.
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2. Log dividend yield (DY): log of a 12-month moving sum of dividends minus
the log of lagged stock prices.
3. Log earnings-price ratio (EP): log of a 12-month moving sum of earnings on
the SPX minus the log of stock prices.
4. Log dividend-payout ratio (DE): log of a 12-month moving sum of dividends
minus the log of a 12-month moving sum of earnings.
5. Excess stock return volatility (RVOL): 12-month moving standard deviation of
SPY returns2.
6. Book-to-market ratio (BM): book-to-market value ratio for the Dow Jones In-
dustrial Average.
7. Net equity expansion (NTIS): ratio of a 12-month moving sum of net equity
issues by NYSE-listed stocks to the total end-of-year market capitalization of
NYSE stocks.
8. Treasury bill rate (TBL): interest rate on a three-month Treasury bill (secondary
market).
9. Long-term yield (LTY): long-term government bond yield.
10. Long-term return (LTR): return on long-term government bonds.
11. Term spread (TMS): long-term yield minus the Treasury bill rate.
12. Default yield spread (DFY): difference between Moody’s BAA- and AAA-rated
corporate bond yields.
2Following the definition of Rapach et al. (2016), we use excess stock return volatility to measure
stock return volatility. This definition avoids producing a severe outlier and yields more plausible
results.
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13. Default return spread (DFR): long-term corporate bond return minus the long-
term government bond return.
14. Inflation (INFL): calculated from the Consumer Price Index (CPI) for all urban
consumers.
15. Time series momentum (TSM): 12-month moving average of SPY returns.
Table 2.12 presents the prediction results for the first difference of the slope along
with each of the popular factors in the in-sample tests. The first difference of the
slope factor exhibits intermediate significance for predicting the next-month SPY
returns in all regressions. The first difference of the slope, is around 0.08 in these
regressions, meaning a standard deviation increase in the first difference of the slope,
is associated with a 8 basis point increase in next-month’s excess SPY return. This
verifies that the first difference of the slope factor is a robust predictor for the next-
month SPY returns.
2.5 Conclusions
In this chapter, we apply the method of Zhang and Xiang (2008) to quantify the IV
curves for SPY options. We calculate the level, slope and curvature factors from
the IV curves, and obtain the third and fourth cumulants as predictors for the next-
month SPY excess returns. Moreover, the in-sample and out-of-sample tests show
that the first difference of the slope factor is a significant predictor of SPY excess
returns at the monthly horizon. Further more, the mean-variance portfolio gains
created based on the factor’s predictive results verify its predictability.
Our results show that the well-accepted IV smirk for options only appear for
SPY options during the GFC period, and the IV curves are more like negative sloped
line outside the GFC period. This is different from the pattern of index options IV
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curves documented by (Jiang, 2002; Carverhill et al., 2009), indicate the IV curves
pattern of options may be changing over time. Following the theory of Zhang
et al. (2012) and Zhang et al. (2020) we believe this phenomenon is driven by the
abnormal jumps during the GFC period, and can explain the IV smirk. The IV curve
becomes more negatively skewed and positively curved, because jump intensity be-
comes more positive and jump size becomes more negative during the GFC period.
Due to the inherent difficulty in predicting future returns, most IV factors show
poor performance in forecasting the future excess returns. However, we find that the
first difference of the slope factor (∆γ1) is significant for predicting one month ahead
SPY excess returns. It exhibits strong predictability both in the in-sample and out-
of-sample tests. The certainty equivalent returns and Sharpe ratios for the portfolios
based on this further confirm our results. We indeed find that we can predict the
next-month SPY excess returns using the quantified IV curve slope factor, even when
controlling for 15 popular equity market predictors from Welch and Goyal (2008)
and Moskowitz et al. (2012).
2.6 Appendix: A theory for the IV smirk
Applying the theory in Zhang et al. (2012) and Zhang et al. (2020), we can explain
why SPY IV curves become more negatively skewed and positively curved during
the GFC period.
Assuming that the stock index, St, follows a stochastic process with a stochastic








χ − 1)dNt − λtE(eχ − 1)dt (2.1)
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where µt is the instantaneous expected return, BSt , BVt and Bλt are three Brownian
motions, Nt is a Possion motion, with jump intensity λt and jump size χ.
After some derivations, we build the links between the model parameters and
the total variance, the third and fourth cumulants, as follows,
TVt = Vt + λtE(χ
2), TCt = λtE(χ
3), FCt = λtE(χ
4). (2.4)
From the above results, we can see that the third cumulant, TCt, and the fourth
cumulant, FCt, are associated with jump intensity, λt, and jump size, χ. During
the crisis period, the jump intensity becomes more positive and jump size becomes
more negative, thus making the third cumulant more negative, and the fourth cu-
mulant more positive. Accordingly, the skewness becomes more negative, and the
kurtosis becomes more positive. Based on Zhang and Xiang (2008) theory, the IV
curve becomes more negatively skewed and more positively curved. Finally, we can
conclude that SPY IV curves become more negatively skewed and positively curved
during the GFC period because of being more positive in jump intensity and being
more negative in jump size.
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Table 2.1: Summary for popular ETFs.
This table summarizes the basic information for the top ETFs in terms of asset under
management (AUM), which is calculated by the product of the outstanding shares
and market price per share. All the information is summarized as of December 2017.
Symbol Name AUM Underlying Inception Issuer
SPY SPDR S&P 500 ETF 320B S&P 500 Index 01/22/93 State Street
IVV iShares Core S&P 500 ETF 208B S&P 500 Index 05/15/00 Blackrock
VTI Vanguard Total Stock Market ETF 144B CRSP U.S. Total Market 05/24/01 Vanguard
VOO Vanguard S&P 500 ETF 135B S&P 500 Index 9/07/10 Vanguard
QQQ Invesco QQQ 93B Nasdaq 100 Index. 3/10/99 Invesco
VEA Vanguard FTSE Developed Markets ETF 81B stocks markets outside the US 07/20/07 Vanguard
IEFA iShares Core MSCI EAFE ETF 75B index of developed-market stocks 10/18/12 Blackrock
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Table 2.4: Summary of IV function estimation for SPY options.
This table summarizes the results of quantifying the SPY IV curves, as given by:
IV (ξ) = α0 + α1ξ + α2ξ
2,
where ξ is moneyness. Here, α0, α1, α2 are the coefficients of the regression, and
γ0, γ1 and γ2 are the dimensionless level, slope and curvature factors as defined in
equation (2.3). The coefficient mean standard error, mean maturity and mean daily
R2 are calculated overall and by maturity category. The percentage of significant
factors for each maturity category are the percentage that are significant at 5%.
Overall By maturity
< 30 30 - 90 90 - 180 180 - 360 > 360 < 180 > 180
Mean
α̂0 0.1809 0.1414 0.1673 0.1831 0.1929 0.2002 0.1648 0.1965
α̂1 -0.0511 -0.0355 -0.0472 -0.0541 -0.0564 -0.0556 -0.046 -0.056
α̂2 -0.0013 0.0019 -0.0004 -0.0018 -0.0025 -0.0023 -0.0002 -0.0024
γ0 0.1809 0.1414 0.1673 0.1831 0.1929 0.2002 0.1648 0.1965
γ1 -0.2818 -0.2709 -0.2886 -0.2945 -0.2865 -0.2696 -0.2854 -0.2782
γ2 -0.0051 0.0193 -0.0006 -0.0098 -0.0131 -0.0111 0.0022 -0.0122
Standard Errors of Estimates
α̂0 0.0005 0.0007 0.0004 0.0004 0.0004 0.0008 0.0005 0.0006
α̂1 0.0008 0.0011 0.0007 0.0006 0.0007 0.0011 0.0008 0.0009
α̂2 0.0007 0.0009 0.0005 0.0005 0.0008 0.001 0.0006 0.0009
Percentage of Significance (%5)
α̂0 100 100 100 100 100 100 100 100
α̂1 99.89 99.48 99.99 99.98 99.96 99.93 99.48 99.99
α̂2 81.77 74.81 78.15 83.21 86.44 82.84 74.81 78.1
Mean Maturity
Mean maturity 262.09 17.42 55.18 131.55 271.13 634.93 67.82 449.78
Mean and Median R2
Mean R2 0.9886 0.9894 0.9922 0.9914 0.988 0.9843 0.9912 0.9862
Median R2 0.9938 0.9949 0.9957 0.995 0.9928 0.9911 0.9953 0.992
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Table 2.5: Summary statistics for predictors.
This table displays summary statistics for 10 predictors used in predicting SPY ETF
returns from January 2005 to December 2017. The statistics include mean, standard
deviation (sd), skewness (skew), the 10th percentile (p10), the 50th percentile (p50)
and the 90th percentile (p90) of the predictors. γ0, γ1 and γ2 is the level, slope and
curvature of IV smirks with 30-day constant maturity, respectively. TC and FC
are the risk-neutral third and fourth cumulants calculated by TC = γ1 ∗ γ30 , and
FC = γ2 ∗γ40 . ∆γ0, ∆γ1, ∆γ2, ∆TC and ∆FC are the first difference of γ0, γ1, γ2, TC
and FC, respectively.
mean sd skew p10 p50 p90
γ0 0.1673 0.0834 2.0786 0.0969 0.1426 0.2525
γ1 -0.2523 0.0718 -0.5076 -0.3311 -0.2503 -0.1662
γ2 0.0125 0.0252 0.4648 -0.0156 0.0116 0.0427
TC -0.0021 0.0047 -5.5971 -0.0040 -0.0008 -0.0002
FC(×10) 0.0002 0.0012 17.0228 -0.0001 0.0000 0.0006
∆γ0 -0.0002 0.0456 0.5804 -0.0501 -0.0026 0.0455
∆γ1 -0.0021 0.0659 -0.4504 -0.0769 -0.0016 0.0693
∆γ2 -0.0002 0.0258 -0.0369 -0.0284 -0.0013 0.0288
∆TC(×105) 0.0009 368.7100 -177036.2000 -116.9600 1.0500 142.4700
∆FC(×105) -0.0037 13.9400 77114.1200 -3.8600 -0.0680 2.4400
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Table 2.6: Correlation for factors.
This table shows correlations among the 10 predictors calculated from SPY IV curves
with constant 30-day to maturity from January 2005 through December 2017. All the
factors are monthly data using the data at the end of each month. γ0, γ1 and γ2 is the
level, slope and curvature of IV smirks with 30-day constant maturity, respectively.
TC and FC are the risk-neutral third and fourth cumulants calculated by TC =
γ1 ∗ γ30 , and FC = γ2 ∗ γ40 . ∆γ0, ∆γ1, ∆γ2, ∆TC and ∆FC are the first difference of
γ0, γ1, γ2, TC and FC, respectively.
γ0 γ1 γ2 TC FC ∆γ0 ∆γ1 ∆γ2 ∆TC ∆FC
γ0 1.00
γ1 0.31 1.00
γ2 -0.15 0.56 1.00
TC -0.85 -0.11 0.14 1.00
FC 0.26 0.26 0.25 -0.05 1.00
∆γ0 0.28 -0.06 -0.22 -0.27 -0.01 1.00
∆γ1 0.06 0.49 0.29 0.05 0.04 -0.01 1.00
∆γ2 0.00 0.34 0.51 0.05 0.13 -0.22 0.66 1.00
∆TC -0.19 0.09 0.12 0.39 0.04 -0.69 0.19 0.18 1.00
∆FC -0.07 0.10 0.12 0.29 0.58 -0.14 0.14 0.23 0.41 1.00
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Table 2.7: In-sample estimation results.
This table displays the coefficients and adjusted R2 statistic adjusted by Newey and
West (1987) with six lags, for the in-sample prediction model:
rt:t+1 = α+ βxt + εt:t+1,
where t=1,...,T-1, rt is the continuous excess returns for SPY ETF at month t, xt is the
the predictor at month t. The sample period is from January 2005 to December 2017.
*, ** and *** indicate significance at 10%, 5% and 1% level, respectively.
(1) (2) (3) (4)
In-sample tests
Predictor β̂ t-statistics R2IS (%)
γ0 -0.0032 -0.48 -0.01
γ1 0.0005 0.13 -0.64
γ2 0.0044 1.76* 0.54
TC 0.0047 1.23 0.70
FC -0.0029 -0.38 -0.1
∆γ0 -0.0053 -1.08 1.12
∆γ1 0.0055 1.80* 1.04
∆γ2 0.0035 1.54 0.10
∆TC 0.0045 1.30 0.59
∆FC -0.0070 -2.33** 2.35
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Table 2.9: Out-of-sample estimation results.
This table displays the coefficients and adjusted R2 statistic adjusted by Newey and
West (1987) with six lags, for out-of-sample prediction model. The adjusted mean
squared prediction error (MSPE) is calculated as, ft+1 = (rt+1 − r̄t+1|t)2 − ((rt+1 −
r̂t+1|t)
2 − (r̄t+1 − r̂t+1|t)2)2 for t = 1, ...T − 1 in line with Clark and West (2007),
where r̄t is the prediction value from the prevailing mean forecast at month t, r̂t is
the predicted value from the IV predictor regression at month t. The sample period
is from January 2005 to December 2017. *, ** and *** indicate significance obtained
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Table 2.10: Estimation results with moneyness scaled by
360-day VIX.
This table reports the in-sample and out-of-sample results with IV curve factors cal-
culated from moneyness scaled by the 360-day VIX. The sample period is from Jan-
uary 2005 to December 2017. *, ** and *** indicate significance obtained from the
one-side estimation at 10%, 5% and 1% level, respectively.
Out-of-sample In-sample
IV factors with 30-day maturity
Predictor R2OS β t− statistics Adj.R2 Pvalues
γ0 -0.10 -0.0028 -0.4250 -0.0017 0.6714
γ1 -2.32 -0.0012 -0.2237 -0.0058 0.8233
γ2 -1.43 0.0008 0.4235 -0.0062 0.6725
TC 1.10 0.0034 0.7172 0.0005 0.4744
FC -0.02 -0.0004 -0.0564 -0.0064 0.9551
∆γ0 -8.57 -0.0047 -0.9613 0.0073 0.3379
∆γ1 0.09 0.0025 0.9609 -0.0030 0.3381
∆γ2 -4.78 -0.0009 -0.6679 -0.0061 0.5052
∆TC -0.15 0.0038 1.0079 0.0026 0.3151
∆FC -1.77 -0.0058 -1.2172 0.0142 0.2254
IV factors with 90-day maturity
Predictor R2OS β t− statistics Adj.R2 Pvalues
γ0 0.28 -0.0022 -0.3502 -0.0034 0.7266
γ1 -4.25 -0.0027 -0.4564 -0.0026 0.6487
γ2 -1.23 0.0006 0.3285 -0.0063 0.7430
TC 0.86 0.0024 0.4882 -0.0028 0.6261
FC -0.50 0.0046 1.3624 0.0065 0.1751
∆γ0 -7.47 -0.0048 -1.0218 0.0076 0.3085
∆γ1 -0.29 0.0022 0.8090 -0.0037 0.4198
∆γ2 -8.94 -0.0022 -1.2033 -0.0035 0.2307
∆TC -0.32 0.0032 0.8242 -0.0003 0.4111
∆FC -0.84 -0.0049 -1.0995 0.0082 0.2733
IV factors with 360-day maturity
Predictor R2OS β t− statistics Adj.R2 Pvalues
γ0 0.24 -0.0012 -0.1985 -0.0057 0.8429
γ0 -4.87 -0.0051 -1.2164 0.0099 0.2257
γ2 -0.18 0.0006 0.2229 -0.0063 0.8239
TC -0.59 -0.0001 -0.0092 -0.0065 0.9927
FC 0.87 0.0053 0.8978 0.0113 0.3707
∆γ0 -4.10 -0.0052 -1.2586 0.0103 0.2101
∆γ1 -0.40 -0.0012 -0.5529 -0.0057 0.5811
∆γ2 -1.53 -0.0043 -1.7016 0.0052 0.0909
∆TC -0.78 0.0027 0.6371 -0.0021 0.5250
∆FC -0.21 -0.0006 -0.1369 -0.0064 0.8913
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Table 2.11: Asset allocation.
This table reports the annualized certainty equivalent return (CER) and Sharpe ratios
for the portfolios created from a mean-variance strategy, which consists of a risk-free
asset and an equity with weights obtained from the coefficients of the regressions
that run excess SPY ETF returns on each of the IV factors, as described in section
(5.3.1). The weights for the portfolio are rebalanced at the end of each month.
(1) (2) (3)
Out-of-sample period
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Figure 2.1: Daily SPY ETF.
This figure shows the daily SPY ETF price adjusted for dividends from January 2005
to December 2017 from OptionMetrics.
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Figure 2.2: Daily trading activity of SPY options.
This figure shows the total trading volume (in millions) and dollar trading value (in
millions) for SPY options, the trading volume and dollar trading volume for call and
put options for respectively.
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Figure 2.3: SPY IV against moneyness on 1 October 2007.
This figure plots the IV of SPY options against moneyness for different maturity
option contract on 1 October 2007. The black dots are the IV. The curve is the fitted
IV function, equation (2.3), and the bars represent the trading volume. We apply
criteria as described in section (4) to determine whether to use OLS or WOLS.
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Figure 2.4: SPY IV against moneyness on 1 October 2012.
This figure plots the IV of SPY options against moneyness for different maturity
option contract on 1 October 2012. The black dots are the IV. The curve is the fitted
IV function, equation (2.3), and the bars represent the trading volume. We apply
criteria as described in section (4) to determine whether to use OLS or WOLS.
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Figure 2.5: SPY IV against moneyness on 30 September 2015.
This figure plots the IV of SPY options against moneyness for different maturity
option contract on 1 October 2015. The black dots are the IV. The curve is the fitted
IV function, equation (2.3), and the bars represent the trading volume. We apply
criteria as described in section (4) to determine whether to use OLS or WOLS.
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Figure 2.6: Evolution of Coefficients of SPY Options over Time.
This figure shows the evolution of coefficients of SPY Options over time at 30-, 60-,
90-day constant maturity range from 1 January 2005 to 31 December 2017. The three
coefficients are level, slope and curvature of the fitted IV curve. The first column
plots the level, slope and curvature for SPX with constant 30, 60 and 90 day maturity.
The second column plots the level, slope and curvature for SPY with constant 30, 60
and 90 day maturity.
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Figure 2.7: IV of SPY Options.
This figure depicts the IV curves of SPY options for constant maturities over the hori-
zon of 30-, 60-, 90-, 120-, 150-, 180-day and overall sample with coefficients averaged
on all contracts.
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Figure 2.8: IV of SPY Options and the GFC.
This figure depicts the IV curves of SPY options for constant maturities over the
horizons at 30-, 60-, 90-, 120-, 150-, 180-day and overall sample for three sub-divided




The implied volatility smirk and
variance risk premium
This chapter is a joint work with Xinfeng Ruan, Sebastian A. Gehricke, and Jin E.
Zhang. Its earlier version was presented at the 9th International Conference on
Futures and Other Derivatives, 4-5 December 2020, Zhuhai, China; and the New
Zealand Finance Colloquium, 11-12 February 2021, University of Waikato, Tauranga,
New Zealand.
3.1 Introduction
The Variance Risk Premium (VRP) is the difference between the future realised vari-
ance and the variance strike price in a swap market. Carr and Wu (2009) develop
a new technique for estimating the VRP using option markets. Subsequent studies
find that the VRP is a robust predictor for future asset returns for up to two quar-
ters (Bollerslev et al., 2009). However, there are only a few papers that attempt to
predict the VRP. Johnson (2017) finds that the slope of the VIX term structure is the
only factor in all its components that can predict the daily and monthly variance
asset returns, while Konstantinidi and Skiadopoulos (2016) test the predictability of
the VRP using macroeconomic factors. In our chapter, we attempt to investigate
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the predictability of the variance asset returns, as proxies for the VRP, using the term
spread factors of the quantified S&P 500 (SPX) options implied volatility (IV) curves.
We try to build some links between the VRP and quantified IV curve factors in two
steps. First, we extract the SPX IV curve factors and then we test their predictability
for variance asset returns.
Forecasting the VRP is of importance for academics and practitioners. In this
chapter, we study whether IV curve factors can predict VRP? First, the VRP is an
important component of the market risk and investors require extra premiums for
holding assets with exposure to this risk. The literature has provided evidence that
return variance fluctuates over time (Bollerslev, Engle, and Nelson, 1994; Blair, Poon,
and Taylor, 2010; Konstantinidi and Skiadopoulos, 2016; Francq and Zakoian, 2019)
and this variance uncertainty has been priced across various assets and countries
(Bakshi and Kapadia, 2003; Bollerslev et al., 2009; Carr and Wu, 2009; Bollerslev,
Marrone, Xu, and Zhou, 2014; Londono and Zhou, 2017). Another reason is that the
VRP can be a factor to predict future equity risk premiums across different assets
(Bollerslev, Tauchen, and Zhou 2009, Bollerslev, Marrone, Xu, and Zhou, 2014; Lon-
dono and Xu, 2020). By studying the VRP, we can understand risk in the market
better and build less risky portfolios.
To quantify the IV curve factors we adopt a quadratic polynomial to fit the SPX IV
curves following the method in Zhang and Xiang (2008). In their paper, they build a
relationship between the volatility, skewness, and kurtosis, and the level, slope, and
curvature of the IV curves. Following their method, we obtain the level, slope, and
curvature factors for the SPX IV curves. As explained in Zhang and Xiang (2008),
the level factor is an approximation of the exact at-the-money (ATM) IV. Bakshi et al.
(2003) propose to use a portfolio of options to estimate the risk neutral moments.
Yan (2011) approximates the slope of the IV curve by the difference between the
one-month fitted IV of put and call options with a delta of -0.5 and 0.5. To our
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knowledge, few researchers study the curvature of the IV curves. Since the curvature
is related to the kurtosis of the asset returns (Zhang and Xiang, 2008), the method
of Bakshi et al. (2003) can also solve for it. Instead of calculating the level, slope,
and curvature factors using a complex method, we obtain these three factors from
the fitting coefficients of the IV curves. Following this method, we obtain the level,
slope, and curvature of the SPX IV curves with a maturity of different lengths, and
then interpolate them to maturities of 30, 60, 90, 180, 270 and 360 days. We test the
term spread of the level, slope and curvature factors between 360 days and 30 days
as predictors for the variance asset return, proxies for the VRP.
In Figure 3.1, which presents the average SPX IV curves, we can see that the
SPX IV curves usually exhibit negative straight lines without curvature. The well-
documented IV smirk only appear during the Global Financial Crisis (GFC) period,
indicating that the well-accepted IV smirk (Pan, 2002; Christoffersen, Heston, and
Jacobs, 2009; Yan, 2011; Huang, Schlag, Shaliastovich, and Thimme, 2019) may be
driven by crisis periods. In addition, it seems that the pattern of the IV curves has
changed after the GFC. This is consistent with the findings of Guo et al. (2020), who
study the IV curves of SPY options. We show that the level and the slope magnitude
increase with the option maturity, consistent with the results documented by other
researchers (e.g., Zhang and Xiang, 2008; Yan, 2011).
To test the term spreads of the quantified IV curve factors, as predictors for the
VRP, we conduct comprehensive in-sample and out-of-sample tests to ensure that
the predictors are robust and reliable. As Welch and Goyal (2008) show, most pop-
ular predictors for equity premia do not show consistent predictive ability in in-
sample and out-of-sample tests. We also compare the predictive ability of the level,
slope, and curvature term spread factors with the prevailing mean forecast, follow-
ing the method in Campbell and Thompson (2008), which assumes the returns are
unpredictable. By combining these tests, we may obtain robust results for testing the
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predictors.
Following Johnson (2017), we use the S&P 500 synthetic variance swap returns
and S&P 500 straddle returns with a 30-day maturity as proxies for the VRPs, with
the data obtained from Johnson’s (2017) personal website. We use these in lieu of
using the volatility difference under the physical measure and the risk-neutral mea-
sure as in Carr and Wu (2009), since the variance asset returns are directly linked
to the prices of the tradable assets in the markets, which measure the risk expecta-
tions more directly. We also calculate the monthly variance asset returns using the
compounded daily returns from day t to t+ 21.
Our analysis focuses on SPX options from 1 January 1996 to 31 December 2017.
At first, we quantify the IV each day for SPX options across all maturities. Then we
apply interpolation or extrapolation to obtain the level, slope, and curvature factors
with a maturity of 30, 60, 90, 180, 270 and 360 days. In addition, we calculate the
difference of the level, slope, and curvature at the 360-day and 30-day maturity as
the factor term spreads. Different from Johnson (2017) result, who find that the slope
factor can be a significant predictor for predicting future variance asset returns, we
find that the volatility spread is a significant factor for predicting future variance as-
set returns. The volatility spread factor only contains information from the volatility
of two different maturities, while the slope factor is a combination of volatility at
6 different maturities. Thus, our volatility spread factor requires less information
as input to calculate the predictor for future variance asset returns. Our study pro-
vides important information on the dynamics of the SPX variance risk premiums
and helps investors avoid extra risk.
This chapter contributes to the literature in several ways. First, we extend the
study of IV curves. According to the Black-Scholes (BS)’s formula, the IV curve
should be a constant across different strike prices. However, index IV curves gener-
ally exhibit a left skewed shape, namely the IV smirk (Pan, 2002; Alòs and León,
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2016). To model the skewed IV curves in options markets, researchers propose
many modifications of the BS model. Hull and White (1987) first propose a stochas-
tic volatility model to price options, where they show that the option price can be
obtained by integrating the BS price over the distribution of the mean volatility. Fol-
lowing this, many other stochastic volatility models based on different assumptions
of the dynamics of the underlying asset and volatility have been proposed (Heston,
1993; Grasselli, 2017; Aı̈t-Sahalia, Li, and Li, 2020, among others). As one of the sem-
inal models, Heston (1993) provides a closed-form solution to the European option
price with a stochastic volatility in the asset return.
We employ the method of Zhang and Xiang (2008) to quantify the IV curves for
SPX options. This method has been used by several authors to quantify options in
different markets. Li et al. (2019) employ this method to quantify IV curves of the
FXI (iShares China Large-Cap ETF) options. Gehricke and Zhang (2019) further use
this method to quantify the VXX (S&P 500 VIX Short-Term Futures ETN) options.
Aschakulporn and Zhang (2020) quantify the IV curves for the New Zealand whole
milk powder options. Different from the method in Guo, Han, and Zhao (2014) and
Chen, Han, and Niu (2018), who apply complex methods to forecast the IV curves,
we apply a quadratic fit to obtain the IV curve factors as predictors for variance risk.
Some researchers consider the jump effect in the volatility and the underlying re-
turn to explain the IV curves (Benzoni et al., 2011; Yan, 2011). Specifically, Yan (2011)
uses the IV slope as a proxy for the jump risk in the equity market, thus demonstrat-
ing the importance of the jump effect in the pattern of IV curves. In our chapter,
we apply a quadratic polynomial to quantify the IV curves and construct IV factors
following Zhang and Xiang (2008).
Our chapter also contributes to the study on the explanation of the VRP. Since
variance is stochastic (Engle, 2004), the VRP is the compensation for this risk. There
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are different methods to measure the VRP. Bakshi and Kapadia (2003) use the delta-
hedged returns on S&P 500 and S&P 100 options to analyze the VRP. Carr and Wu
(2009) define the VRP as the difference between the realized variance and the fixed
variance swap rate from the trading of a variance swap. Because variance swaps
are over-the-counter, which are inaccessible to the public, Carr and Wu (2009) use
a liner combination of options to synthesize the variance swap rate, and the VRP is
the difference between the realised variance and this synthetic variance swap rate.
In a similar way, Bollerslev et al. (2009) use the difference between implied and re-
alised variance as the VRP, and find that the VRP can predict index returns. In a
recent study, Rombouts, Stentoft, and Violante (2020) formulate a new model for
the dynamics of the VRP, and this method accommodates the periods of unusual
high volatility and heterogeneous jumps. In our chapter, instead of using the differ-
ence between two types of variances, we use the S&P 500 straddle returns and S&P
500 variance swap returns as proxies for the VRP, following the method in Johnson
(2017), which builds a direct relation between the VRP and market prices.
We also expand the study on predicting the VRP. Driessen, Maenhout, and Vilkov
(2009) show that the VRP in index options can be attributed to correlation risk. They
argue that the degree of the index VRP is related to the extent of correlation risk. Fur-
ther, Buraschi, Trojani, and Vedolin (2014) show that investors’ disagreement is pos-
itively related to the wedge between the index and individual volatility risk premia.
González-Urteaga and Rubio (2016) show that the beta with respect to the market
volatility risk premia and the default beta can explain the VRP. Some studies show
that macroeconomic factors also affect the VRP (Londono and Zhou, 2017; Drechsler,
Savov, and Schnabl, 2018). Londono and Zhou (2017) document that the US VRP has
some predictive power for the appreciation rates of the US dollar. Drechsler et al.
(2018) show that the monetary policy affects the VRP components of the cost of cap-
ital. Konstantinidi and Skiadopoulos (2016) produce a comprehensive study of the
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predictability of four model specifications, including the volatility of the S&P 500
returns, stock market conditions, macroeconomic conditions, and trading activities.
In our chapter, we predict the VRP by the term spreads of the quantified IV curve
factors, namely the level, slope, and curvature. These factors are proportional to the
risk-neutral volatility, skewness, and kurtosis, respectively (Zhang and Xiang, 2008).
After comprehensive tests and robustness checks, we find that the term spread
of the level factor, equivalent to the term spread in the estimated exact ATM IV, is
the only factor that shows significant predictive power, both in in-sample and out-
of-sample tests. The monthly variance returns present stronger significance than the
daily, which is like the findings for equity return, where the longer equity returns are
easier to predict (Bollerslev et al., 2009). The slope and curvature term spreads do not
show any significant predictive power for the daily or monthly future variance asset
returns. Our results are robust to the maturity difference used to calculate the term
spreads, the different time periods for the out-of-sample tests and after controlling
for numerous popular predictors for equity returns. We can conclude the level factor
term spread contains information for predicting variance asset returns, which proxy
the VRPs.
The remainder of our chapter is organized as follows: Section 3.2 elaborates on
the data and the methodology. Section 3.3 analyzes the empirical results, and section
3.4 concludes.
3.2 Data and methodology
This section describes the data collection and the methodology to quantify IV curves,
calculate the VRP and variance-related portfolio returns, and monthly VRP.
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3.2.1 Data
The variance-sensitive asset returns are obtained from Johnson’s personal website
(Johnson., 2017a,b). To calculate the level, slope and curvature factors, we obtain
daily SPX options data from OptionMetrics. (2017), over the sample period from 1
January 1996 to 31 December 2017. We use standard options data cleaning rules, as
in Neumann and Skiadopoulos (2013):
• We discard observations without an IV.
• We exclude options with a maturity of fewer than 7 days to remove the short-
term noise (https://www.cboe.com/micro/vix/vixwhite.pdf).
• We discard observations with zero bid price and those that have a mid-price
less than 0.2.
• We remove contracts with less than 3 strike prices on a given day.
Table 3.1 presents the summary for the trading of SPX options, after cleaning by
maturity categories. From the table, we can see that the short-term options are the
most traded, in terms of mean strike price number, trading volume, and open inter-
ests on each maturity category. As maturity increases, the options trading activity
decreases. In our data, we explore the IV curves across all the maturity categories.
We also include other control variables in a multivariate regression setting to
examine the robustness of the predictability of the term spread factors. In particular,
we consider the default spread (the yield differences between Moody’s BAA and
AAA corporate bond), the term spread (the difference between the ten-year T-bond
and the three-month T-bill), and the stochastically detrended riskfree rate (the one-
month T-bill rate minus its twelve-month moving averages) as control factors. These
are taken from the public web site of the Federal Reserve Bank of St. Louis. We
download excess market returns from Kenneth French’s website.
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3.2.2 Quantifying IV curves
We follow the method proposed by Zhang and Xiang (2008) to quantify the IV curves
by a quadratic polynomial across moneyness on each day, for each maturity. In this
method, at least three IV points are required, much less than the number of option
quotes required by the method of Bakshi et al. (2003). The quadratic polynomial is
defined as below,
IV (ξ) = α0 + α1ξ + α2ξ
2, (3.1)
where α0, α1, α2, are the quantified IV curve coefficients. Rewriting the above equa-
tion, we get the dimensionless form:
IV (ξ) = γ0(1 + γ1ξ + γ2ξ
2), (3.2)
where γ0, γ1, γ2, are the level, slope, and curvature factors of the IV curve. Here,






where F0 is the forward price obtained from the put-call parity, K is the strike price,
σ is the standard deviation, proxied by the VIX index, and τ is the annualized time
period to maturity.
We mainly rely on the volume-weighted least square (WLS) to obtain the co-
efficients in equation (3.2) given we want to put higher weights on those options
contracts with higher trading volume. When the WLS fits the IV curves poorly, we
turn to the ordinary least square (OLS). For some IV curves, the fit of WLS is not
great due to spotty trading. At that time, the OLS method is more reliable. We use
OLS when the R2 difference between the OLS and the WLS is larger than 0.05.
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3.2.3 Constant maturity factors and term spreads
We also examine the dynamics of the IV factors with different maturities over time.
As maturity changes each day and each maturity category may contain more than
one maturity, we interpolate the IV factors to the constant maturities we are inter-
ested in. To avoid spurious results of the regression, when the target maturity is
beyond the available maturity range, the IV factors are set to be the upper bound or
the lower bound of the factors within the maturity group.
Each day, we form the factor term spreads of the IV curves by taking the differ-
ence of the 360-day and 30-day level, slope and curvature factors. In addition, we
also calculate the factor term spreads between 180 days and 30 days to further verify
the predictability of the term spreads. In order to avoid the effect of outlier predic-
tors, we winsorize the level, slope and curvature term spread factors at the 0.5% of
the whole sample, in line with Cao and Han (2013).
3.2.4 VRP
In lieu of using the difference of the risk-neutral and the physical measure volatil-
ity as a proxy for the VRP, as in Bollerslev et al. (2009), Carr and Wu (2009) and
Dew-Becker, Giglio, Le, and Rodriguez (2017), we apply two variance-sensitive as-
set returns as proxies for the VRP. Employing variance asset returns, we directly link
the VRP to the market asset returns, and avoid overlapping data issues. In our chap-
ter, we use the synthetic variance swap returns, and the S&P 500 straddle returns.
As Bakshi et al. (2003) show, the ATM straddles returns are more informative than
simple option returns because they reduce the exposure to the underlying index.
Moreover, straddle returns only consist of returns on two options, and are easy to
construct.
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Synthetic variance swap returns
As suggested in Carr and Wu (2009), the price of a synthetic variance swap with

















where Ft is the time t forward price of the S&P 500 expiring at time t+T , Putt(K; t+
T ) and Callt(K; t+ T ) are the prices at t of puts and calls with strike price K.
As we can see, the calculation of synthetics variance swaps is similar to that of
VIX, thus we can regard the synthetic variance swaps as a good measure of variance
risk.
Straddle returns
A straddle is a option portfolio that consists of buying an at-the-money call option
and an at-the-money put option with the same underlying strike price and maturity.
When the volatility of the underlying asset varies sharply, this strategy can obtain
premiums. Thus the straddle is sensitive to variance risk and can also be regarded
as a measure of variance risk (Vasquez, 2017).
As indicated in Zhang and Xiang (2008), the IV curve factors contain different
higher moment risks, thus we postulate that the IV factors subsume the variance
risk, and can predict the variance risk,
3.2.5 Predictive regression analysis
To investigate whether the variance asset returns are predictable, we conduct in-
sample and out-of-sample tests on daily and monthly horizons following Rapach
et al. (2016) and Jondeau, Zhang, and Zhu (2019).
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3.2.5.1 In-sample analysis
As Johnson (2017) indicates, the term structure of IV contains information for the
future VRP. In our chapter, we extend the predictors to the term spreads of the level,
slope, and curvature factors and factor term spreads. We formulate the following
regression to examine whether these factors can predict the variance asset returns
with different maturities, as given by:
Rt:t+1 = α+ βXt + εt:t+1, (3.5)
where t = 1, 2, . . . , T − 1, Rt:t+1 is the daily or monthly asset returns on date t + 1,
Xt is the level, slope and curvature term spreads.
For the prediction tests, we run non-overlapping regressions of the daily and
monthly variance-sensitive asset returns. The monthly return on day t is the daily
returns compounded from t+ 1 to t+ 21. If the coefficients of the factors, which are
related to the risk neutral moments, are significant, it means these factors can effec-
tively predict the VRP. To make the prediction inferences more reliable and robust,
all the regression coefficients are adjusted by Newey-West (Newey and West, 1987)
with 6 lags.
3.2.5.2 Out-of-sample analysis
In the last section, we conduct the in-sample tests to examine the significant predic-
tors for the variance asset returns (synthetic variance swaps and S&P 500 straddles).
In this section, we examine whether the in-sample results hold out-of-sample, fol-
lowing Rapach et al. (2016) and Jondeau et al. (2019). By combining the in-sample
and out-of-sample test results, we can make our inferences and results more reliable
and robust.
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Similar to the in-sample tests, in the out-of-sample analysis we run the regres-
sion of daily and monthly variance asset returns to obtain the coefficients, then the
next-day predictors are substituted into Xt to obtain the forecasting variance asset
returns, as in the expression given below,
R̂t+1 = α̂t + β̂tXt, (3.6)
where α̂t and β̂t are the coefficients based on the regression from the beginning of
the sample period through t, R̂t+1 is the predicted daily or monthly asset returns on
date t+ 1 using the coefficients from equation (3.5).
We estimate the regression of the variance asset returns each day throughout the
out-of-sample period. In our setting, the out-of-sample period starts from the end
of the first one-third of the sample to the end. Equation (3.6) predicts the next-day
variance asset return conditional on the historic data, implying the next-day vari-
ance asset returns will follow the linear relationship obtained from the beginning of
the sample through day t by an expanding window. Goyal and Saretto (2009) find
that most in-sample effective predictors do not pertain to out-of-sample tests, em-
phasizing the necessity to examine the factor’s predictive ability in out-of-sample
tests. With the same procedure as in Rapach et al. (2016), we mainly test the mag-
nitude of the out-of-sample R2 as a performance measure for the factors’ predictive
ability.
After obtaining all the predicted values for the out-of-sample period, we calcu-
late the R2 with a similar method as the in-sample analysis. The R2 for the out-of-








where Rt is the real return at time t, R̂t is the predicted return at time t obtained
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from the equation (3.6), and R̄t+1|t = 1t
∑t
i=1Ri is the mean of the excess return from
the beginning through time t.
The out-of-sample R2 measures the performance of the predictor with the pre-
vailing mean forecast as the benchmark. In line with Clark and West (2007), the
adjusted mean squared prediction error, ft+1, for the prevailing mean regression
model and the predictor regression model is defined as,
ft+1 = (Rt+1 − R̄t+1|t)2 − ((Rt+1 − R̂t+1|t)2 − (R̄t+1 − R̂t+1|t)2)2, (3.8)
where R̄t+1|t is the forecasting value from the prevailing mean forecast model, R̂t+1|t
is the forecasting value from the specified factor model.
3.3 Empirical results
In this section, we first present the quantified results for SPX options, then following
Welch and Goyal (2008), we present the in-sample and out-of-sample testing results
for the term spread factors on predicting the VRP. By combining the results of these
two tests, we can obtain robust conclusions.
3.3.1 Quantified IV Curves
Table 3.2 summarizes the daily IV factors for SPX options, by different maturity cat-
egories. The average IV across all SPX options is 0.1711. When examining the ma-
turity effect on the level factor, which is an exact estimation of the at-the-money
implied volatility (ATM-IV), we can see the level of SPX options increases with ma-
turity. This is consistent with our intuition, the options with longer maturity contain
more uncertainties, thus resulting in higher IV. The slope factor, γ1, is negative across
all maturities, indicating that the IV curves of SPX options are negatively skewed
due to the relatively higher price of out-of-the-money (OTM). The SPX IV curves
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become steeper as the option maturity increases, with the slope factor ranging from
-0.2305, for the maturity of less than 30-day, to -0.2782 for the 90-180 day maturity,
and then declines a little for the longer maturities. In principle, the overall average
curvature factor (γ2) is positive across all SPX option contracts with all maturities,
but very small in magnitude.
The level and slope factors are significant most of the time, 100% and 99% at the
5% level, while the curvature factor is not significant, indicating the curvature is very
minor in SPX IV curves. Nonetheless, the overall R2 of over 95% indicates a good
fit. From the level factor to the curvature factor, the proportion of the estimates that
are significant at the 5% level drops, from almost 100% significant estimates for the
level factor to around 85% significant estimates for the curvature factor, in line with
the results associated with the standard error.
To examine the effect of the global financial crisis (GFC) on the shape of the SPX
IV curves, we plot the IV curves before, during, and after the GFC period. Follow-
ing the setting in Lins et al. (2017), we use August 2008 to March 2009 as the GFC
period. Figure 3.1 presents the IV curves before, during and after the GFC period,
as well as the overall IV curves with the level, slope, and curvature factors averaged
across the whole sample period. We find that the well-documented IV smirk is not
found before and after the GFC period, but the IV smirk is very pronounced during
the GFC period. This indicates the GFC may be a driver for the IV smirk shape,
commonly accepted as the usual shape of U.S. (Pan, 2002; Zhang and Xiang, 2008;
Xing et al., 2010; Fu and Yang, 2012; Li, 2013) and international equity (Wong and
Lo, 2009; Nomikos and Soldatos, 2010; Garcia-Machado and Rybczynski, 2017) IV
curves.
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3.3.2 Constant maturity IV curves dynamics
Figure 3.2 presents the dynamics of the level, slope, and curvature factors with a
maturity of 30, 60, 90, and 360 days. From the figure, we can see that the level of
the SPX IV curves is mostly small, except during the crisis periods around the year
of 2008, 2011, and 2015. We can see the level factor is usually in contango, meaning
the options with longer maturity usually have higher IV. Turning to the slope factor,
we find that the slope factor is mostly negative over the whole sample period with
strong fluctuations around the GFC. Looking at the curvature factor, we can see
that its magnitude is mostly small but becomes positively large during some crisis
periods.
Table 3.3 shows the summary statistics for the term spreads of the level, slope and
curvature between 360 days and 30 days. We find that the mean level term spread
of SPX IV curves is positive, and the mean slope, and curvature term spreads of SPX
IV curves are negative. The level and slope term spreads exhibit negative skewness,
while the curvature exhibits positive skewness, indicating different distributions of
these three factor term spreads.
Figure 3.3 presents the time variation in SPX IV factor term spreads between
the 360 days and 30 days maturities. We can see that the level term spread shows
different patterns. The level term spread is mostly positive, except the crisis periods
in the year of 2008, 2011 and 2015, in which there were negative spikes. It means
the long-term volatility of the SPX returns is mostly larger than that for short-term
maturity. While in the crisis period, the short-term volatility is more likely to rise
than the medium and long-term volatility, indicating investors in the market are
more likely to overreact to the crisis in the short run. For the pattern of the slope
spread over time, it seems to be mean-reverting around zero, indicating the slope
difference across maturities is very small. The spikes also appear around the GFC
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period in the year of 2008. Unlike the significant spreads in the level and slope
factors, the curvature spread between 360-day and 30-day IV curves is very small,
almost zero, over the whole sample period, except the GFC period in 2008.
3.3.3 VRP results
Table 3.4 summarizes the daily and monthly returns for S&P 500 straddles and S&P
500 synthetic variance swaps. On average, the daily and monthly S&P 500 synthetic
variance swaps have much larger returns than those of S&P 500 straddles. All the
summary statistics show a decreasing trend with maturity, which means returns
for the longer maturity variance-asset returns are closer to the normal distribution.
Intuitively, the monthly returns on S&P 500 straddles and S&P 500 synthetic variance
swap are less volatile than their daily counterparts.
Table 3.5 shows the pairwise correlations of S&P 500 straddle returns and S&P
500 synthetic variance swap returns across the maturities of 30, 60, 90, 180, 270, and
360 days. The correlation of the pairwise returns decreases with maturity, with the
smallest correlation of 0.48 for monthly S&P 500 variance swap returns between the
maturity of 1 month and 12 months.
3.3.4 In-sample predictability tests
Table 3.6 reports the coefficients, standard errors, Newey-West adjusted significance,
and the adjusted R2 of the in sample predictive regressions, Equation (3.5), for the
daily returns of the three variance assets with 30, 60, 90, 180, 270 and 360 days to
maturity, respectively. From the table, we can see that the predictive power of the
level term spread is significant at 1% for all straddle returns from 30-day maturity to
360-day maturity, with an adjustedR2 of up to 0.71%. For the results of the slope and
curvature term spreads, none of the straddle returns exhibits significant predictabil-
ity, and their corresponding adjustedR2 is close to 0. When looking at the results for
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variance swap returns, we also find that the level term spread is the only significant
predictor, but it exhibits significant predictive power, at 1% level significance, only
for swap returns with the 90-day maturity. This indicates that the level term spread
has more predictive information for the mid-term variance returns.
Table 3.7 presents the in-sample results for the next-month variance asset returns,
which may be more interesting for us. The level term spread again presents signifi-
cant predictive results at the 1% level for straddle returns across all maturities, and
the adjusted R2 can be up to 4.9%, much larger than that for the daily straddle re-
turns, indicating that the monthly variance returns are easier to predict, consistent
with the results in equity return prediction tests in the literature(Lettau and Ludvig-
son, 2001). Probably because the monthly data are less subject to the effect of trading
noise. The slope and curvature spreads display no significant predictability for the
daily or monthly variance asset returns.
We also report the weekly in-sample result in Table 3.8 for predicting S&P strad-
dle returns and S&P synthetic variance swap returns as a supplementary result.
Consistent with the daily and monthly results, we find that the volatility spread can
be a significant factor to predict the straddle and synthetic variance swap returns. In
contrast, different from daily and monthly results, the slope and curvature spread
also present significant results in predicting some variance asset returns.
3.3.5 Out-of-sample tests
We present the out-of-sample results to further estimate whether the predictive model
outperforms the naive average history forecast model. Table 3.9 reports the reduc-
tion in mean square forecast error (MSFE) and the out-of-sample R2, proposed in
Campbell and Thompson (2008), based on the average history forecast model. We
also report the t-statistics to test whether our factor model exhibits a significant im-
provement over the average history forecast model, following the method of Clark
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and West (2007). From this table, we can see that only the level term spread outper-
forms the average history forecast model in predicting the straddle returns, with a
t-statistic of approximately 2. The improvement of the level term spread in predict-
ing daily variance swap returns are less significant, indicating the straddle returns
are easier to predict using IV related information.
Table 3.10 reports the out-of-sample tests for monthly variance asset returns.
Consistent with the results for daily tests, the level term spread is still the only sig-
nificant predictor that delivers significant improvements in the MSFE reduction in
terms of the average history forecast model, with all the t-statistics more than 2,
the highest being 7.57. Compared with the daily results, the predictive power of
the level term spread is more powerful, indicating the longer period variance asset
returns are easier to forecast. In addition, the slope term spread also exhibits pre-
dictive power for straddle returns with 90, 180 and 360-day maturities and swap
returns with 30, 60 and 90-day maturities.
Combining the in-sample and out-of-sample tests, we can conclude that the level
term spread is the best predictor to predict the daily and monthly VRP, proxied by
variance asset returns, and its predictive power is stronger for the monthly VRP.
3.3.6 Robustness tests
In this section, we provide several robustness checks, along with different proxies
for the term spread factors, different out-of-sample estimation periods, and other
popular control variables.
3.3.6.1 Alternative proxy for the term structure of the IV smirk
As a robustness test, we use the IV curve factor differences between SPX options of
180-day maturity and 30-day maturity as another proxy for the term spread factor.
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Table 3.11 and Table 3.12 present the predictive results for daily and monthly
VRP. From the table, we can see that the level spread between 180 days and 30 days
shows a significantly predictive ability for daily and monthly VRP with horizons
from 30 days to 360 days. The monthly results are more significant than the daily
results, indicating the monthly VRP are more stable and contain less noises. This is
in line with our earlier results, showing that the predictive ability of the level term
spread is robust to using these different maturities.
3.3.6.2 Estimation period tests
When conducting the out-of-sample tests, we select the out-of-sample period start-
ing from the end of the first one-third of the sample. To further test the robustness
of our results, we choose the out-of-sample periods starting from the end of the first
half and two-thirds of the sample.
As in Table 3.13, we can see that the level spread exhibits strong predictive power
for the straddle returns in these two out-of-sample horizons, with the t-statistics
more than 2. For the results of variance swap returns, the middle-term variance
swap returns present significant estimation results. While the predictive results for
the short-term and long-term variance swaps are not significant, meaning that the
short-term and long-term variance swap may need more extraneous information to
predict.
Table 3.14 presents the out-of-sample monthly results with different out-of-sample
horizons. Compared with the daily results, the monthly results are more significant
over these two out-of-sample horizons. The level term spread shows a strong pre-
dictive ability for straddle returns and variance swap returns across all maturities,
with the smallest t-statistic of 3.63 for the maturity of one year for variance swap
returns and the highest t-statistic of 10.86 for the maturity of one month for straddle
returns.
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3.3.6.3 Controlling for other predictors
We further present the daily in-sample results with some popular predictors, as con-
trol variables, in Table 3.15 through 3.17. Table 3.15 presents the results with some
macroeconomic factors as control variables. Not surprisingly, the degree of pre-
dictability for straddle returns is better than that for swap returns consisting of the
macroeconomic factors, with the level term spread showing significant predictive
results over all horizons. For the results of the control variables, the excess market
return is the only variable that presents a significant effect in the multiple regression
with control variables. That is because market excess returns normally have a strong
correlation with market variance risk premia (Bollerslev et al., 2009).
Following the predictors in Konstantinidi and Skiadopoulos (2016), we also re-
port the results with VIX, skewness, and market liquidity factors as control variables.
In Table 3.16, we can see that the level term spread is a significant predictor, even
when we control for the VIX and skewness. VIX also presents a predictive ability for
the daily and monthly variance asset returns. Table 3.17 reports the results with the
trading liquidity factors as the control variables. We find that the level term spread
is still significant with these control variables.
To compare the the predictive power of the volatility spread factor with the slope
factor proposed by Johnson (2017), we report the estimation result in Table 3.18. The
result shows that the slope factor dominate the IV curve factors in predicting next-
day straddle and variance swap returns.
3.4 Conclusions
In this chapter, we document the SPX IV curves using the method proposed by
Zhang and Xiang (2008). Further, we use the IV factor term spreads to predict the
VRP, proxied by the S&P 500 synthetic variance swap and S&P 500 straddle returns.
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From in-sample and out-of-sample tests, we find that the level (ATM-IV) term spread
is a significant predictor for daily and monthly VRPs.
Our findings show that straddle returns are better proxies for variance asset re-
turns, and the synthetic variance swap returns not only contain variance risk, but
also other higher-order risk.
By running in-sample and out-of-sample regressions, we find that the level term
spread exhibits different predictive ability in these two tests. The level term spread
shows significant results for almost all the variance asset returns in-sample, includ-
ing daily and monthly returns. For the out-of-sample tests, the level term spread
shows different predictive ability for daily and monthly VRP. For the daily VRP, the
level term spread performs better than the prevailing mean forecast in predicting
straddle returns, but not better for predicting variance swap returns. For predicting
monthly variance returns, the level factor term spread presents stronger predictive
ability than the mean forecasting in both variance asset returns.
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Table 3.1: Summary of trading activity for SPX options.
This table summarizes the mean open interest, trading volume and the number of
strike prices for SPX options by maturity category. The results are shown in 6 matu-
rity period categories ranging from less than 30 days to more than 360 days.
Overall < 30 30 − 90 90 − 180 180 − 360 > 360
Mean open
interest
526456.0 696946.2 697102.5 512148.3 373254.8 336144.3
Mean trad-
ing volume
33454.2 73890.4 60080.0 19348.9 7809.3 4258.5
Mean strike
numbers
71.9 77.3 112.2 59.8 46.4 54.1
Chapter 3. The implied volatility smirk and variance risk premium 79
Table 3.2: Summary of IV function estimation for SPX
options
This table summarizes the results of quantifying the SPX IV curves, as given by:
IV (ξ) = α0 + α1ξ + α2ξ
2,
where IV is the IV and ξ is moneyness. Here, α0, α1, α2 are the coefficients of the
regression, and γ0, γ1 and γ2 are the level, slope and curvature of the regression as
described in section (4). The coefficient mean standard error, mean maturity and
mean daily R2d are calculated overall, or by maturity category. The percentage of
significance for each each maturity category is the estimates percentage that are sig-
nificant at 5% level overall, or in each maturity category.
Overall By maturity
< 30 30− 90 90− 180 180− 360 > 360 < 180 > 180
Mean
α̂0 0.1711 0.1375 0.1569 0.1787 0.1923 0.1964 0.1578 0.1939
α̂1 -0.0453 -0.0308 -0.0427 -0.0499 -0.0526 -0.0507 -0.0414 -0.0519
α̂2 0.0006 0.0042 0.0007 -0.0004 -0.0003 -0.0015 0.0014 -0.0008
γ0 0.1711 0.1375 0.1569 0.1787 0.1923 0.1964 0.1578 0.1939
γ1 -0.2643 -0.2395 -0.275 -0.2782 -0.2678 -0.2517 -0.2658 -0.2618
γ2 0.0050 0.0347 0.0056 -0.0036 -0.0041 -0.0084 0.0112 -0.0057
Standard Errors of Estimates
α̂0 0.0008 0.0011 0.0006 0.0005 0.0003 0.0003 0.0009 0.0007
α̂1 0.0008 0.0009 0.0006 0.0005 0.0005 0.0005 0.0008 0.0009
α̂2 0.0005 0.0004 0.0003 0.0003 0.0003 0.0005 0.0004 0.0007
Standard Errors of Estimates
α̂0 100 100 100 100 100 100 100 100
α̂1 99.94 99.78 99.99 99.96 99.98 99.97 99.93 99.97
α̂2 85.2 90.73 86.18 81.82 82.28 85.59 87.63 83.52
Percentage of Significance ( %5)
Mean maturity 210.86 17.42 56.02 129.75 270.2 522.16 66.7 364.23
Mean and median R2
Mean R2 0.9793 0.9631 0.9773 0.9835 0.9982 0.9872 0.9853 0.9865
Median R2 0.9893 0.9698 0.9865 0.9906 0.9939 0.9923 0.9856 0.9934
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Table 3.3: Summary statistics for predictors.
Our data sample is from 1 January 1996 to 31 December 2017. This table displays
the summary statistics for the three predictors, the level, slope and curvature term
spreads between maturity of 360 days and 30 days after winsorizing at 0.5%. γ360−300 ,
γ360−301 and γ
360−30
2 are the level, slope and curvature difference, respectively.
Variable Mean SD Skewness Kurtosis 5th percentile 25th percentile Median 75th percentile 95th percentile
γ360−300 0.02 0.04 -2.52 16.27 -0.05 0.00 0.02 0.04 0.06
γ360−301 -0.03 0.07 -0.15 5.04 -0.14 -0.08 -0.04 0.01 0.09
γ360−302 -0.02 0.04 1.79 14.94 -0.09 -0.04 -0.02 -0.01 0.02
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Table 3.4: Summary statistics for variance asset returns.
This table presents the summary statistics for daily and monthly variance swap re-
turns and S&P 500 option straddle returns. The sample period is from 4 January
1996 to 31 December 2017.
Panel A: Daily returns Panel B: Monthly returns
























Mean -0.38 -0.21 -0.12 -0.05 -0.02 0.00 -6.62 -3.76 -2.15 -0.77 -0.28 0.15
SD 5.71 3.37 2.58 1.69 1.38 1.23 33.27 19.89 15.28 10.08 8.24 7.47
Skewness 3.07 3.16 2.71 1.04 1.38 1.04 3.51 2.70 2.25 1.27 1.13 1.09
Kurtosis 26.04 36.47 32.30 18.31 12.46 9.56 21.82 14.18 11.34 5.89 5.69 5.57
5th percentile -6.47 -4.19 -3.32 -2.28 -1.92 -1.76 -36.75 -23.80 -18.69 -13.14 -11.37 -9.78
25th percentile -3.62 -2.12 -1.59 -0.97 -0.77 -0.66 -24.93 -15.50 -11.88 -7.26 -5.51 -4.53
50th percentile -1.43 -0.66 -0.43 -0.21 -0.12 -0.08 -14.56 -8.20 -5.43 -2.53 -1.50 -0.87
75th percentile 1.50 1.05 0.92 0.70 0.61 0.55 0.96 2.17 3.25 3.31 3.47 3.45
95th percentile 9.50 5.25 4.06 2.69 2.19 1.98 50.42 29.84 24.00 19.13 15.16 14.09
























Mean -1.51 -0.77 -0.46 -0.26 -0.16 -0.10 -22.55 -12.69 -8.05 -5.06 -3.33 -2.03
SD 15.56 10.34 8.13 5.42 4.44 4.21 115.81 69.29 47.77 27.32 21.36 20.49
Skewness 3.89 3.42 2.60 2.15 1.44 1.42 10.80 7.90 4.92 2.72 1.99 1.90
Kurtosis 34.92 33.24 20.57 16.46 12.50 34.09 161.32 97.16 40.47 14.41 9.62 11.25
5th percentile -16.57 -12.13 -10.11 -7.17 -5.89 -5.29 -73.32 -56.67 -45.70 -33.57 -28.41 -25.89
25th percentile -9.61 -6.21 -4.76 -3.21 -2.57 -2.17 -59.85 -41.60 -32.21 -21.18 -16.34 -13.78
50th percentile -4.70 -2.55 -1.63 -0.90 -0.61 -0.48 -46.08 -27.52 -18.80 -10.90 -7.46 -5.51
75th percentile 1.99 1.86 2.09 1.64 1.52 1.45 -22.41 -6.18 -0.33 3.06 4.59 5.58
95th percentile 23.94 17.02 13.31 8.86 7.25 6.48 86.21 69.65 56.16 40.33 34.70 32.75
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Table 3.5: Correlations for variance asset returns.
This table displays Pearson correlation coefficients for daily and monthly S&P 500
straddles and S&P 500 synthetic swaps with maturities of 30, 60, 90, 180, 270 and 360
days. For instance, rSd,30 denotes the daily S&P 500 straddle returns with maturity of
30 days. The sample period is from 4 January 1996 to 31 December 2017.
Panel A: Daily return correlations Panel B: Monthly return correlations



























rSd,60 0.91 1.00 r
S
m,60 0.95 1.00
rSd,90 0.84 0.94 1.00 r
S
m,90 0.89 0.97 1.00
rSd,180 0.70 0.81 0.86 1.00 r
S
m,180 0.75 0.85 0.90 1.00
rSd,270 0.63 0.74 0.80 0.89 1.00 r
S
m,270 0.69 0.79 0.85 0.95 1.00
rSd,360 0.55 0.66 0.72 0.78 0.88 1.00 r
S
m,360 0.63 0.73 0.80 0.89 0.96 1.00



























rVd,60 0.95 1.00 r
V
m,60 0.96 1.00
rVd,90 0.88 0.95 1.00 r
V
m,90 0.86 0.95 1.00
rVd,180 0.86 0.93 0.93 1.00 r
V
m,180 0.66 0.80 0.89 1.00
rVd,270 0.79 0.87 0.89 0.95 1.00 r
V
m,270 0.55 0.70 0.81 0.95 1.00
rVd,360 0.67 0.75 0.78 0.81 0.89 1.00 r
V
m,360 0.48 0.60 0.72 0.86 0.93 1.00
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Table 3.6: In-sample regression estimation results for daily
VRP.
This table presents the in-sample the in-sample predictive regression, Equation (3.5),
results for each of the level, slope and curvature term spreads in predicting the daily
S&P 500 straddles and S&P 500 synthetic swaps with the maturity of 30, 60, 90,
180, 270 and 360 days over January 1996 to December 2017. *, **, and *** indicate
significance at the 10%, 5% and 1% levels. All the results are adjusted by Newey-






β se Adj.R2(%) β se Adj.R2(%) β se Adj.R2(%)
Straddle returns
rSd,30 -6.93*** 2.55 0.18 -0.27 1.08 -0.02 2.11 2.11 0.01
rSd,60 -6.08*** 1.58 0.41 -0.71 0.68 0.01 1.21 1.33 0.00
rSd,90 -5.84*** 1.32 0.66 -0.71 0.53 0.02 0.79 1.10 0.00
rSd,180 -3.61*** 0.86 0.59 -0.53 0.35 0.03 0.59 0.71 0.00
rSd,270 -2.90*** 0.79 0.57 -0.30 0.31 0.01 0.49 0.67 0.00
rSd,360 -2.69*** 0.79 0.61 -0.34 0.29 0.02 0.43 0.61 0.00
Variance swap returns
rVd,30 -8.68 6.81 0.02 -0.56 2.92 -0.02 4.68 4.60 0.00
rVd,60 -11.10*** 4.87 0.13 -1.38 2.00 -0.01 3.28 3.24 0.00
rVd,90 -11.66*** 3.80 0.25 -2.21 1.58 0.02 2.64 2.80 0.00
rVd,180 -6.17*** 2.52 0.15 -0.11 1.04 -0.02 1.52 1.83 0.00
rVd,270 -4.73*** 2.14 0.13 -0.47 0.89 -0.01 1.94 1.67 0.02
rVd,360 -3.77*** 1.67 0.09 -0.26 0.87 -0.02 1.61 1.57 0.01
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Table 3.7: In-sample regression estimation results for
monthly VRP.
This table presents the in-sample predictive regression, Equation (3.5), results for
each of the level, slope and curvature term spread in predicting the monthly S&P
500 straddles and S&P 500 synthetic swaps with the maturity of 30, 60, 90, 180, 270
and 360 days over January 1996 to December 2017. *, **, and *** indicate significance







β se Adj.R2(%) β se Adj.R2(%) β se Adj.R2(%)
Straddle returns
rSm,30 -1.28*** 0.34 1.94 -0.08 0.16 0.01 0.34 0.24 0.16
rSm,60 -0.97*** 0.23 3.13 -0.08 0.10 0.06 0.22 0.14 0.19
rSm,90 -0.88*** 0.19 4.36 -0.10 0.07 0.23 0.14 0.10 0.13
rSm,180 -0.55*** 0.11 3.88 -0.07 0.04 0.20 0.09 0.07 0.14
rSm,270 -0.42*** 0.09 3.51 -0.04 0.04 0.09 0.07 0.07 0.12
rSm,360 -0.43*** 0.10 4.41 -0.04 0.04 0.17 0.06 0.06 0.08
Variance swap returns
rVm,30 -3.15** 1.46 0.96 -0.89 0.56 0.29 0.73* 0.42 0.05
rVm,60 -2.57*** 0.99 1.81 -0.54 0.35 0.30 0.58* 0.32 0.11
rVm,90 -2.28*** 0.70 3.01 -0.43* 0.23 0.40 0.58** 0.26 0.24
rVm,180 -1.22*** 0.35 2.65 -0.08 0.13 0.02 0.35* 0.19 0.28
rVm,270 -0.98*** 0.28 2.78 -0.08 0.10 0.06 0.26* 0.15 0.24
rVm,360 -0.51*** 0.19 0.80 -0.01 0.08 -0.02 0.26** 0.12 0.25
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Table 3.8: In-sample regression estimation results for weekly
VRP.
This table presents the in-sample predictive regression, Equation (3.5), results for
each of the level, slope and curvature term spread in predicting the weekly S&P 500
straddles and S&P 500 synthetic swaps with the maturity of 30, 60, 90, 180, 270 and
360 days over January 1996 to December 2017. *, **, and *** indicate significance at







β se p Adj.R2 β se p Adj.R2 β se p Adj.R2
rSw,30 -1.32 0.15 0.00 0.13 -0.26 0.06 0.00 0.02 0.13 0.09 0.14 0.00
rSw,60 -0.85 0.08 0.00 0.15 -0.17 0.03 0.00 0.02 0.10 0.05 0.05 0.00
rSw,90 -0.66 0.06 0.00 0.15 -0.13 0.03 0.00 0.02 0.09 0.04 0.03 0.00
rSw,120 -0.36 0.04 0.00 0.10 -0.07 0.02 0.00 0.01 0.06 0.03 0.04 0.00
rSw,270 -0.26 0.04 0.00 0.07 -0.04 0.01 0.01 0.01 0.05 0.03 0.07 0.00
rSw,360 -0.20 0.04 0.00 0.05 -0.03 0.01 0.05 0.00 0.04 0.02 0.09 0.00
Swap returns
β se p Adj.R2 β se p Adj.R2 β se p Adj.R2
rVw,30 -4.19 0.55 0.00 0.16 -0.97 0.18 0.00 0.03 0.44 0.24 0.06 0.00
rVw,60 -3.03 0.33 0.00 0.19 -0.67 0.12 0.00 0.04 0.36 0.15 0.02 0.00
rVw,90 -2.41 0.23 0.00 0.21 -0.53 0.09 0.00 0.04 0.37 0.12 0.00 0.01
rVw,120 -1.48 0.14 0.00 0.18 -0.29 0.05 0.00 0.03 0.24 0.08 0.00 0.01
rVw,270 -1.11 0.10 0.00 0.16 -0.22 0.04 0.00 0.03 0.21 0.07 0.00 0.01
rVw,360 -0.89 0.10 0.00 0.12 -0.17 0.04 0.00 0.02 0.18 0.05 0.00 0.01
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Table 3.9: Out-of-sample tests: Daily VRP.
This table reports the proportional reduction in mean square forecast error (MSFE)
for a predictive regression of the daily S&P 500 straddle and S&P 500 synthetic swap
returns, with maturities of 30, 60, 90, 180, 270 and 360 days, using the level, slope and
curvature spread factors vis-a-vis the prevailing mean forecast. The null hypothesis
is that the MSFE of the prevailing mean forecast is less or equal to the MSFE of the
predictive forecast. These predictability tests are run over the period from January
1996 to December 2017.
Daily variance returns (In-sample 1/3)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 0.21 2.44 0.38 3.34 0.47 3.50 0.14 2.50 0.18 2.61 0.42 3.17
γ360−301 -0.04 -0.67 0.00 0.19 0.01 0.67 -0.01 0.61 -0.01 0.28 0.03 1.04
γ360−302 0.00 0.76 0.00 0.80 -0.02 0.49 0.00 0.55 0.00 0.56 0.00 0.55
Variance swap returns
γ360−300 0.00 0.63 0.10 1.57 0.16 2.02 0.08 1.38 0.03 1.11 -0.04 0.79
γ360−301 -0.05 -1.13 -0.03 -0.56 -0.04 0.22 -0.05 -1.33 -0.04 -0.90 -0.05 -0.67
γ360−302 -0.02 0.04 -0.05 -0.23 -0.05 -0.31 -0.02 -0.20 -0.03 0.09 -0.04 -0.10
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Table 3.10: Out-of-sample tests: Monthly VRP.
This table reports the proportional reduction in mean square forecast error (MSFE)
for a predictive regression of the monthly the S&P 500 straddle and S&P 500 syn-
thetic swap returns, with maturities of 30, 60, 90, 180, 270 and 360 days, using the
level, slope and curvature spread factors vis-a-vis the prevailing mean forecast. The
null hypothesis is that the MSFE of the prevailing mean forecast is less or equal to
the MSFE of the predictive forecast. These predictability tests are run over the period
from January 1996 to December 2017.
Monthly variance returns (In-sample 1/3)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 2.67 8.10 4.02 8.04 5.03 8.20 3.91 8.49 3.12 7.14 3.72 6.13
γ360−301 -0.06 0.09 -0.02 0.63 0.27 2.63 0.27 2.71 0.01 0.98 0.14 1.98
γ360−302 0.09 2.51 0.07 2.37 -0.09 1.51 -0.20 1.49 -0.63 0.01 -0.51 -0.19
Variance swap returns
γ360−300 0.86 5.46 1.72 6.03 3.08 6.91 3.22 6.91 3.28 6.71 0.78 4.34
γ360−301 0.29 3.11 0.29 2.84 0.40 3.09 -0.20 -0.56 -0.16 -0.17 -0.36 -2.32
γ360−302 0.05 2.28 -0.01 1.60 -0.14 1.57 -0.10 1.60 -0.25 0.92 -0.07 1.89
Chapter 3. The implied volatility smirk and variance risk premium 88
Table 3.11: In-sample tests with different term spreads:
Daily VRP.
This table reports the in-sample results for predicting the daily S&P 500 straddles
and S&P 500 synthetic swap returns with the level, slope and curvature term spread
between 180-day maturity and 30-day maturity. The sample period is from January






β se Adj.R2(%) β se Adj.R2(%) β se Adj.R2(%)
Straddle returns
rSd,30 -10.05*** 3.19 0.24 0.68 1.40 -0.01 1.51 1.06 0.00
rSd,60 -8.71*** 1.95 0.55 -0.17 0.87 -0.02 1.01* 0.60 0.01
rSd,90 -8.33*** 1.61 0.87 -0.28 0.64 -0.01 0.23 0.65 -0.02
rSd,180 -4.53*** 1.14 0.59 0.00 0.45 -0.02 -0.27 0.54 -0.01
rSd,270 -3.48*** 1.02 0.53 0.23 0.38 -0.01 -0.29 0.49 -0.01
rSd,360 -3.57*** 1.02 0.69 0.17 0.33 -0.01 -0.15 0.49 -0.01
Variance swap returns
rVd,30 -13.09 8.78 0.04 2.89 3.61 -0.01 2.53 2.57 -0.01
rVd,60 -15.64** 6.23 0.18 1.84 2.37 -0.01 1.03 1.71 -0.02
rVd,90 -15.93*** 4.65 0.31 0.24 1.79 -0.02 0.24 1.63 -0.02
rVd,180 -7.95*** 2.99 0.16 1.94 1.22 0.03 -0.55 1.16 -0.02
rVd,270 -5.70** 2.57 0.12 1.05 1.06 0.00 -0.17 1.35 -0.02
rVd,360 -4.51** 2.13 0.08 0.67 1.17 -0.01 0.04 1.10 -0.02
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Table 3.12: In-sample tests with different term spreads:
Monthly VRP.
This table reports the in-sample results for predicting the monthly S&P 500 straddles
and S&P 500 synthetic swaps on the predictors of the level, slope and curvature term
spread between 180-day maturity and 30-day maturity. The sample period is from






β se Adj.R2(%) β se Adj.R2(%) β se Adj.R2(%)
Straddle returns
rSm,30 -1.74*** 0.44 2.31 0.04 0.16 -0.01 -0.01 0.11 -0.02
rSm,60 -1.37*** 0.29 4.05 -0.03 0.10 -0.01 -0.03 0.08 -0.01
rSm,90 -1.22*** 0.24 5.43 -0.08 0.08 0.07 -0.05 0.06 0.02
rSm,180 -0.72*** 0.12 4.38 -0.06 0.05 0.10 -0.04 0.03 0.03
rSm,270 -0.56*** 0.11 3.99 -0.04 0.04 0.08 -0.05** 0.02 0.10
rSm,360 -0.59*** 0.13 5.34 -0.06 0.04 0.18 -0.06** 0.03 0.15
Variance swap returns
rVm,30 -4.35** 1.90 1.18 -0.82 0.63 0.16 0.04 0.28 -0.02
rVm,60 -3.52*** 1.28 2.17 -0.41 0.39 0.10 -0.13 0.20 -0.01
rVm,90 -3.16*** 0.90 3.71 -0.30 0.26 0.12 -0.13 0.23 0.00
rVm,180 -1.76*** 0.45 3.50 0.01 0.14 -0.02 -0.16 0.15 0.08
rVm,270 -1.39*** 0.37 3.58 -0.05 0.12 0.00 -0.16 0.12 0.14
rVm,360 -0.70*** 0.23 0.99 -0.04 0.10 0.00 0.00 0.07 -0.02
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Table 3.13: Out-of-sample tests with different horizons: daily
VRP.
This table reports the out-of-sample results for the daily S&P 500 straddles and S&P
500 synthetic swaps returns with maturities of 30, 60, 90, 180, 270 and 360 days using
the first half and first two thirds as the in-sample periods. The adjusted R2 indicates
the reduction of the predictive regression vis-a-vis the prevailing mean forecast. The
null hypothesis is that the MSFE of the prevailing mean forecast is less or equal to
the MSFE of the predictive forecast over the period from January 1996 to December
2017.
Daily variance returns (In-sample 1/2)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 0.21 2.16 0.31 2.78 0.45 2.85 -0.29 1.08 -0.07 1.53 0.63 2.81
γ360−301 -0.04 -0.57 0.01 0.55 0.02 0.93 -0.05 -0.17 -0.02 -0.02 0.02 0.84
γ360−302 -0.02 0.10 -0.02 0.03 -0.04 -0.78 -0.04 -1.52 -0.06 -0.88 -0.08 -0.32
Variance swap returns
γ360−300 0.00 0.57 0.06 1.18 0.09 1.53 0.01 0.81 -0.04 0.53 -0.11 0.08
γ360−301 -0.05 -1.18 -0.02 -0.41 -0.01 0.33 -0.05 -1.32 -0.03 -0.83 -0.05 -0.73
γ360−302 -0.03 -0.64 -0.03 -0.65 -0.04 -0.98 -0.02 -1.70 -0.03 -1.40 -0.02 -1.92
Daily variance returns (In-sample 2/3)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 0.26 2.13 0.38 2.57 0.44 2.84 0.61 3.26 0.70 3.35 0.50 3.08
γ360−301 -0.03 -1.01 0.04 1.54 0.09 1.74 0.13 2.07 0.10 1.96 0.16 2.29
γ360−302 0.00 0.14 -0.03 -0.68 -0.02 -1.02 -0.02 -1.21 0.04 2.18 0.07 1.85
Variance swap returns
γ360−300 0.04 0.87 0.11 1.50 0.20 1.95 0.16 1.69 0.12 1.49 0.09 1.28
γ360−301 -0.02 -0.85 -0.02 -0.38 -0.01 0.30 -0.02 -1.10 -0.01 -0.42 -0.04 -0.62
γ360−302 0.00 0.05 -0.01 -0.30 -0.01 -0.41 0.00 -0.61 -0.01 -0.67 0.00 -0.69
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Table 3.14: Out-of-sample tests with different horizons:
monthly VRP.
This table reports the out-of-sample results for the monthly S&P 500 straddles and
S&P 500 synthetic swaps returns with maturities of 30, 60, 90, 180, 270 and 360 days
using the first half and first two thirds as the in-sample periods. The adjusted R2
indicates the reduction of the predictive regression vis-a-vis the prevailing mean
forecast. The null hypothesis is that the MSFE of the prevailing mean forecast is less
or equal to the MSFE of the predictive forecast over the period from January 1996 to
December 2017.
Monthly variance returns (In-sample 1/2)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 2.13 6.28 3.56 6.20 4.05 6.17 1.48 5.70 2.00 5.39 3.80 5.04
γ360−301 -0.12 0.21 -0.11 0.21 0.09 1.62 0.03 0.89 -0.05 0.54 0.03 1.03
γ360−302 -0.41 -0.70 -0.54 -1.05 -0.63 -1.46 -0.77 -1.11 -1.01 -1.19 -0.66 -1.17
Variance swap returns
γ360−300 0.77 5.16 1.57 5.55 3.02 6.04 3.76 5.92 4.01 5.80 0.67 3.63
γ360−301 0.14 2.58 0.12 2.06 0.19 2.22 -0.35 -0.33 -0.29 -0.33 -0.24 -0.07
γ360−302 -0.05 0.38 -0.18 -0.39 -0.40 -0.76 -0.72 -0.57 -0.76 -0.85 -0.20 0.68
Monthly variance returns (In-sample 2/3)
30-day maturity 60-day maturity 90-day maturity 180-day maturity 270-day maturity 360-day maturity
Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t Adj.R2(%) t
Straddle returns
γ360−300 4.27 10.86 4.92 10.64 4.97 10.06 4.28 8.48 4.05 7.97 1.59 6.55
γ360−301 -0.10 -0.03 -0.07 -0.18 0.25 3.56 0.28 3.77 -0.04 -0.45 0.23 3.20
γ360−302 0.13 1.82 -0.13 -0.42 -0.35 -2.38 -0.78 -4.78 -1.04 -5.57 -0.76 -5.37
Variance swap returns
γ360−300 2.58 8.54 3.17 9.22 3.73 10.03 3.39 9.23 3.38 8.45 0.91 4.65
γ360−301 0.22 2.58 0.29 3.01 0.38 4.03 -0.25 -1.86 -0.16 -1.93 -0.25 -1.82
γ360−302 0.06 1.15 -0.04 0.03 -0.06 -0.14 -0.20 -1.27 -0.32 -2.55 -0.40 -2.61
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Table 3.15: In-sample estimation with control variables.
This table reports the in-sample results for the daily S&P 500 straddles and S&P 500
synthetic swaps returns with maturities of 30, 60, 90, 180, 270 and 360 days, control-
ling for the popular factors. The control variables include the term spread, Tmsp,
defined as the difference between the ten-year and three-month Treasury yields, the
stochastically detrended risk-free rate, Rrel, defined as the one-month T-bill rate mi-
nus its trailing twelve-month moving averages, the default spread, Dfsp, defined
as the difference between Moody’s BAA and AAA bond yield indices, the market
excess return, Mktrf . The sample period is from January 1996 to December 2017.
Vaiance maturity (Days)
Panel A: Predicting next-day S&P 500 straddle returns
30 60 90 180 270 360
γ360−300 -9.445*** -7.465*** -7.194*** -5.262*** -4.580*** -3.816***
(-3.31) (-4.42) (-5.34) (-5.44) (-5.19) (-4.82)
γ360−301 2.032* 1.161 1.015* 0.404 0.487 0.377
(1.74) (1.60) (1.76) (1.08) (1.49) (1.27)
γ360−302 0.964 0.00102 -0.479 -0.593 -0.834 -0.783
(0.48) (0.00) (-0.50) (-1.05) (-1.22) (-1.06)
Tmsp -0.145* -0.0870* -0.0589 -0.0208 -0.0122 -0.00914
(-1.95) (-1.84) (-1.61) (-0.84) (-0.61) (-0.50)
Rrel -0.0905 -0.175 -0.188 -0.000631 0.0999 0.0344
(-0.10) (-0.32) (-0.44) (-0.00) (0.38) (0.14)
Dfsp 0.0781 0.0465 -0.0252 -0.112 -0.0886 -0.0548
(0.34) (0.31) (-0.21) (-1.28) (-1.12) (-0.73)
Mktrf 0.179** 0.126** 0.0738* 0.0687** 0.0478** 0.0418**
(2.27) (2.50) (1.74) (2.55) (2.08) (2.06)
cons 0.0506 0.0558 0.140 0.181* 0.154* 0.120
(0.17) (0.30) (0.99) (1.93) (1.81) (1.56)
Panel B: Predicting next-day S&P 500 swap returns
γ360−300 -11.91 -14.14** -13.92*** -9.374*** -6.706*** -4.684**
(-1.43) (-2.39) (-3.18) (-3.19) (-2.73) (-2.19)
γ360−301 3.725 2.650 1.576 2.268** 1.056 0.881
(1.19) (1.27) (0.96) (2.10) (1.03) (0.80)
γ360−302 2.286 0.347 -0.183 -0.485 0.0515 0.165
(0.50) (0.11) (-0.07) (-0.32) (0.03) (0.11)
Tmsp -0.275 -0.190 -0.0917 -0.0635 -0.0567 -0.0172
(-1.29) (-1.36) (-0.88) (-0.91) (-1.00) (-0.33)
Rrel -0.374 -0.292 -0.0506 0.195 0.553 0.0370
(-0.19) (-0.23) (-0.05) (0.28) (0.94) (0.07)
Dfsp 0.884 0.393 0.186 0.178 0.167 0.0190
(1.57) (1.01) (0.60) (0.83) (0.93) (0.12)
Mktrf 0.455** 0.271* 0.159 0.137 0.104 0.0522
(2.22) (1.80) (1.23) (1.61) (1.52) (0.82)
cons -1.491** -0.488 -0.198 -0.106 -0.0825 0.0134
(-2.24) (-1.12) (-0.58) (-0.45) (-0.43) (0.07)
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Table 3.16: In-sample estimation with risk-neutral moments
as control variables.
This table reports the in-sample results for the daily S&P 500 straddle and S&P 500
synthetic swap returns with maturities of 30, 60, 90, 180, 270 and 360 days with
the CBOE VIX and SKEW indices as control variables. The sample period is from
January 1996 to December 2017.
Variance maturity (Days)
30 60 90 180 270 360
Panel A: Predicting next-day S&P 500 straddle returns
γ360−300 -13.01*** -11.23*** -11.11*** -6.644*** -5.982*** -5.817***
(-3.55) (-4.91) (-5.96) (-4.66) (-4.80) (-5.31)
γ360−301 1.562 0.590 0.613 0.113 0.221 0.284
(1.42) (0.90) (1.21) (0.33) (0.76) (1.08)
γ360−302 0.199 -0.118 -0.716 -0.383 -0.686 -0.911*
(0.15) (-0.14) (-1.07) (-0.88) (-1.33) (-1.69)
SKEW -0.0112 -0.00262 0.0000562 0.00101 0.00138 0.00223
(-0.93) (-0.38) (0.01) (0.27) (0.45) (0.84)
V IX -0.0335** -0.0298*** -0.0275*** -0.0191*** -0.0172*** -0.0141***
(-2.26) (-3.02) (-3.47) (-3.21) (-3.48) (-3.06)
cons 1.896 0.894 0.598 0.310 0.240 0.0893
(1.25) (1.02) (0.88) (0.65) (0.61) (0.26)
Panel B: Predicting next-day S&P 500 swap returns
γ360−300 -15.99 -20.74*** -19.84*** -11.99*** -8.699*** -7.978***
(-1.61) (-3.03) (-3.95) (-3.67) (-3.08) (-2.99)
γ360−301 1.794 0.726 -0.0926 1.077 0.311 0.225
(0.61) (0.38) (-0.06) (1.03) (0.33) (0.22)
γ360−302 1.415 0.311 -0.429 -0.815 -0.463 -0.333
(0.44) (0.14) (-0.23) (-0.69) (-0.40) (-0.30)
SKEW -0.0397 -0.0141 -0.00245 0.00131 0.00443 0.00807
(-1.19) (-0.65) (-0.14) (0.12) (0.48) (0.92)
V IX -0.0583 -0.0662** -0.0554*** -0.0309** -0.0226* -0.0221*
(-1.55) (-2.51) (-2.67) (-2.16) (-1.83) (-1.88)
cons 4.780 2.613 1.251 0.406 -0.113 -0.507
(1.17) (0.98) (0.60) (0.29) (-0.10) (-0.48)
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Table 3.17: In-sample estimation with market trading activity
factors as control variables.
This table reports the in-sample results for the daily S&P 500 straddles and S&P 500
synthetic swap returns with maturities of 30, 60, 90, 180, 270 and 360 days, while con-
trolling for the market liquidity. Futvol is the daily trading volume S&P 500 futures.
Dfsp is the credit spread. The sample period is from January 1996 to December
2017.
Variance maturity (Days)
30 60 90 180 270 360
Panel A: Predicting next-day S&P 500 straddle returns
γ360−300 -5.403* -5.414*** -5.972*** -4.572*** -4.324*** -3.671***
(-1.90) (-3.16) (-4.29) (-4.66) (-5.00) (-4.47)
γ360−301 1.756 0.967 0.873 0.357 0.465 0.331
(1.53) (1.36) (1.55) (0.96) (1.44) (1.12)
γ360−302 1.210 0.268 -0.260 -0.471 -0.807 -0.725
(0.69) (0.25) (-0.31) (-0.90) (-1.25) (-1.02)
Futvol×106 5.98* 3.02 1.92 0.538 -0.253 -0.297
(1.91) (1.64) (1.42) (0.64) (-0.35) (-0.45)
Dfsp 0.0624 0.0878 0.134 0.178** 0.159** 0.122*
(0.31) (0.61) (1.16) (2.04) (2.11) (1.75)
cons -0.400 -0.133 0.0386 0.175 0.206** 0.178**
(-1.38) (-0.69) (0.25) (1.56) (2.19) (2.01)
Panel B: Predicting next-day S&P 500 swap returns
γ360−300 -2.300 -8.695 -9.982** -6.543** -4.737* -3.866*
(-0.25) (-1.30) (-2.05) (-2.15) (-1.83) (-1.75)
γ360−301 3.203 2.411 1.429 2.222** 1.101 0.916
(1.05) (1.19) (0.89) (2.07) (1.10) (0.84)
γ360−302 2.948 0.788 0.188 -0.374 -0.0942 0.245
(0.71) (0.27) (0.08) (-0.26) (-0.06) (0.17)
Futvol×106 13.5* 7.77 5.46 3.51 1.69 0.896
(1.72) (1.57) (1.50) (1.35) (0.85) (0.47)
Dfsp -0.661 -0.218 -0.0635 -0.0933 -0.0576 0.0327
(-1.36) (-0.60) (-0.21) (-0.47) (-0.34) (0.20)
cons -2.510*** -1.078** -0.549 -0.340 -0.192 -0.0200
(-3.25) (-1.98) (-1.26) (-1.19) (-0.83) (-0.09)
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Table 3.18: In-sample estimation with the slope factor as the
control variable.
This table reports the in-sample results for the daily S&P 500 straddles and S&P 500
synthetic swap returns with maturities of 30, 60, 90, 180, 270 and 360 days, while
controlling for the slope factor in Johnson (2017). The sample period is from January
1996 to December 2017.
Straddle returns
r30 r60 r90 r180 r270 r360
γ360−300 -0.953 -1.543 -1.632 -1.549 -0.909 -0.524
(-0.27) (-0.69) (-0.91) (-1.12) (-0.77) (-0.49)
γ360−301 -0.305 -0.261 -0.243 -0.0357 -0.00547 -0.165
(-0.24) (-0.33) (-0.40) (-0.08) (-0.01) (-0.50)
γ360−302 -0.160 -0.784 -0.798 -0.529 -0.237 -0.250
(-0.07) (-0.59) (-0.76) (-0.74) (-0.36) (-0.42)
slope -0.276*** -0.209*** -0.212*** -0.105** -0.102*** -0.113***
(-2.74) (-3.20) (-4.04) (-2.34) (-2.84) (-3.42)
cons -0.386*** -0.232*** -0.137** -0.0433 -0.0199 -0.00924
(-2.80) (-2.75) (-2.10) (-0.96) (-0.50) (-0.26)
Adj.R2(%) 0.20 0.45 0.87 0.63 0.72 0.96
Variance swap returns
r30 r60 r90 r180 r270 r360
γ360−300 4.890 -0.289 -2.829 -2.187 -1.594 -1.970
(0.52) (-0.04) (-0.53) (-0.58) (-0.50) (-0.68)
γ360−301 -3.462 -1.487 -1.105 0.387 0.158 0.464
(-1.01) (-0.65) (-0.61) (0.30) (0.15) (0.48)
γ360−302 -0.0585 -1.257 -1.332 -0.886 -0.188 -0.248
(-0.01) (-0.32) (-0.42) (-0.43) (-0.10) (-0.15)
slope -0.507** -0.455** -0.398*** -0.217** -0.168* -0.141*
(-2.01) (-2.44) (-2.75) (-2.13) (-1.91) (-1.76)
cons -1.708*** -0.853*** -0.486*** -0.231* -0.139 -0.0674
(-5.17) (-3.80) (-2.74) (-1.80) (-1.33) (-0.72)
Adj.R2 0.01 0.13 0.27 0.15 0.13 0.13
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Figure 3.1: SPX IV curves.
This figure shows the average fitted IV curves of 30, 60, 90, 120, 150, 180 and 360-
day maturity. We split the sample into before, during and after the GFC, as well as
presenting the results across the whole sample period from 1 January 1996 through
31 December 2017.
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Figure 3.2: Evolution of coefficients of SPX options over time.
This figure shows the dynamics of the level, slope and curvature factors over time at
30-, 60-, 90, and 360-day constant maturity range from 1 January 1996 to 31 December
2017. The three coefficients are the level, slope and curvature of the fitted IV curve.
(a) Panel A: The dynamics of γ0 over the
January 1996 - December 2017.
(b) Panel B: The dynamics of γ1 over the
January 1996 - December 2017.
(c) Panel C: The dynamics of γ2 over the
January 1996 - December 2017.
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Figure 3.3: Evolution of the IV factor differences between
SPX options with 360-day and 30-day maturities.
This figure shows the dynamics of the level, slope and curvature factor differences
between 360 days and 30 days from 1 January 1996 to 31 December 2017.
(a) Panel A: The dynamics of γ0
difference over the January 1996 -
December 2017.
(b) Panel B: The dynamics of γ1
difference over the January 1996 -
December 2017.
(c) Panel C: The dynamics of γ2
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4.1 Introduction
In this paper, we document the price difference between SPDR S&P 500 Trust Ex-
change Traded Fund (SPY) options and S&P 500 index (SPX) options. Our research
question is whether SPY options are always more expensive than SPX options? To
compare these two option prices with identical maturity, we interpolate the option
price chains on each day to obtain constant maturity premiums for different money-
ness. We also calculate the frequency that SPY options are greater than SPX options.
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To further understand the driver of the variation of the price difference in SPY and
SPX options, we investigate the timing of SPY dividend payments on this option
price difference and build a trading strategy to further verify our results. Studying
the variation of the price difference in SPY and SPX options are important for asset
pricing in both theory and practice. We comprehensively document the dynamics
of SPY and SPX price difference, and test the dividend payments on time-series and
cross-sectional perspectives, and verify that the dividend is a significant driver of
the difference.
Available since 1993 in the US, exchange-traded funds (ETFs) have grown a lot
since their advantages over other securities, such as easy access to multiple assets
and low transaction costs. By the end of the year 2019, the global asset under man-
agement reached 6.2 trillion dollars. The number of ETFs grew from 206 to 2096
from the year 2005 to the year 2019 in the US market. After the development of more
than 35 years, ETFs have formed a rich market, including a variety of types of ETFs,
such as index ETFs, commodity ETFs, currency ETFs, and actively managed ETFs.
Among them, the index ETFs are the most popular ones with investors. Investors
can gain exposure to a basket of stocks by trading an index ETF and can conduct
high-frequency transactions. The introduction of ETFs provide liquidity to the finan-
cial market and promotes the trading of securities included in ETFs (Bessembinder,
Carrion, Tuttle, and Venkataraman, 2016; Ben-David, Franzoni, and Moussawi, 2018;
Gao, Han, Li, and Zhou, 2018; Bae and Kim, 2020). The SPY ETF is an index ETF de-
signed to track the dynamics of the S&P 500 index. The SPY ETF has assets under
management of 330 billion dollars by the end of 2019 and is the largest ETF in the
world. Studying the dynamics of SPX and SPY prices is important for practition-
ers and investors, and can provide suggestions for trading ETFs and in particular
complements the research on the performance of ETF options (Leung, Lorig, and
Pascucci, 2017; Dannhauser, 2017; Guo, Gehricke, Ruan, and Zhang, 2021).
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Figure 4.1 presents the cumulative returns of SPX and SPY from 1 January 2005
to 31 December 2019. We can see that these two return trajectories almost overlap.
Table 4.1 provides the summary statistics for SPY and SPX daily returns. Here, SPY
returns include dividends. It shows that the SPY ETF replicates the SPX well. Except
for skewness, SPY returns have very close summary statistics to those of SPX returns.
The skewness of SPY returns is positive, but the skewness of SPX returns is negative,
and both are close to zero. The correlation of SPY and SPX returns is 0.99, indicating
the high consistency of these two returns. This is consistent with the performance
of many liquid ETFs (Bae and Kim, 2020; Sherrill, Shirley, and Stark, 2020). Panel
C shows the result of the mean difference test and confirms that there is no mean
difference between these two returns.
Given that SPY and SPX have almost identical returns, we further study if there is
a price difference between SPY and SPX options. SPY and SPX are two options writ-
ten against two nearly identical benchmarks, SPY and SPX, with distinct features.
The underlying asset of SPY options pays a quarterly dividend, but the underlying
of SPX options is an index without dividend. SPY ETF pays dividends on March,
June, September and December of each year. Another important difference is the
delivery style. SPY options are American options, which can be exercised before the
expiration date, while SPX options are European style, which can be only exercised
on the expiration date. Due to the early exercise advantage of SPY options, SPY op-
tions are expected to be more costly than SPX options. SPY options are settled in
shares, while SPX options are settled in cash because the underlying is a nontrad-
able index (with constantly reinvested dividends). In our paper, we mainly study
the early exercise effect and dividend effect on the SPY and SPX option price dif-
ference. These two features are also the most important differences in SPY and SPX
options.
The dividend may be a key factor on the SPY and SPX option price difference.
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American call options without a dividend, theoretically will not be early exercised,
because the early exercise will waste the time value of the cash to own the security
without bringing extra benefit. For American call options with dividends, the early
exercise date can only be one day before the ex-dividend date, so the call option in-
vestors can receive the dividend after exercising the call option. When the dividend
is larger than the time-value of the payment to own the security, is the only time to
exercise a call option early. For American put options, the trading strategy is more
complex, since the early exercise date of put options can be any day across the whole
period before the expiration date (Barraclough and Whaley, 2012; Jensen and Peder-
sen, 2016; Cosma, Galluccio, Pederzoli, and Scaillet, 2016). It means the timing range
of optimal early exercise for American put options are larger than that of American
call options. Thus, the dividend effects on American call options are expected to be
more significant than it on American put options. This is also verified in our study.
Except for the dividend effect on the early exercise of call options, the real mar-
ket restrictions are also important for investors to decide the optimal exercise. Brun-
nermeier and Pedersen (2009) show that asset market liquidity can affect traders’
funding liquidity, thus affect investors’ decision. Jensen and Pedersen (2016) show
that transaction costs, financing requirements and short sales constraints change the
theoretical boundary of the stock price for early exercise. When considering the real
world restrictions, Figlewski (2020) shows that American call options should carry a
liquidity discount, but still should be larger than their European counterparts.
A lot of research studies the difference between the dynamics of indexes and
index ETFs, namely tracking errors of ETFs (Frino and Gallagher, 2001; Gastineau,
2004; Aber, Li, and Can, 2009; Gehricke and Zhang, 2021). However, to our knowl-
edge, we are the first one to study the price difference between a specific index op-
tion and an ETF option written on the same underlying benchmarks. There are a
few papers that are close to our study. Lemmon and Ni (2014) study the trading and
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pricing differences between stock and index options. They find that investor senti-
ments and the slope of implied volatility smile are important to explain the index
and stock option price difference. In our paper, we study the index and ETF option
price difference, and mainly study the dividend effect on the variation of this dif-
ference. Ivanov, Whitworth, and Zhang (2011) also compare ETF and index options,
and find that the implied volatility smirk for ETF options is more pronounced than
for index options.
We emphasize the dividend effect on an American option and a European option
with the same maturity and moneyness from time-series and cross-sectional aspects.
We also study the dividend effect on the variation of American and European option
price difference. Previous literature studies the dividend effect on option prices by
focusing a lot on the strategies of early exercising American options. Pool et al. (2008)
find that the failure of early exercising call options causes call option holders to lose
over 491 million dollars during January 1996 through April 2006. Their paper shows
the dividend effect on returns to ETF call options. Poteshman and Serbin (2003)
analyse the early exercises of (Chicago Board Options Exchange) CBOE call options
over 1996 to 1999, and find that there are a large number of irrational investors. In
our study, the higher price of SPX options than SPY options can also be regarded
as irrational behaviour of investors. Our study is a supplement for the existence of
irrational trading. Researchers also study the dividend effect on the early exercise
trading strategies for American put options. Barraclough and Whaley (2012) study
the early exercise rules for American put options with dividends, and find that more
than 3.96 million ETF put options should be early exercised. These studies provide
theoretical foundations for our analysis of dividend effect on SPY and SPX option
differences. Our study provides empirical evidence that market investors are not
always rationale, and investors are more active around ex-dividend dates.
In our paper, we first interpolate daily SPY and SPX call and put option prices
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across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60, 90, 120,
and 180 days over the period 10 January 2005 through 31 December 2019 from mar-
ket SPY and SPX option prices provided by OptionMetrics. We study the daily aver-
aged SPY and SPX differences each month. We first examine the significance of SPY
and SPX call and put option differences over time across all option pairs. We test
the mean difference for SPY and SPX call and put options with results adjusted by
Newey-West (Newey and West, 1987) errors of six lags. To clear see whether SPY op-
tions are always greater than SPX options under the same moneyness and maturity,
we document the proportion of observations that SPY is lower than SPX options in
the whole sample. This provides a good comparison between SPY and SPX option
prices. To see the dividend effect on the SPY and SPX differences, we regard the
dividend month as a binary variable, whose value is one on dividend months, oth-
erwise zero. We study the difference in dividend months (March, June, September
and December) and non-dividend months for SPY and SPX call and put options, re-
spectively. We also apply Fama-Macbeth regressions to estimate the dividend effect
from a cross-sectional perspective. The first step of the coefficients of Fama-Macbeth
regression is obtained from a time-series regression of 12 monthly observations. Fi-
nally, we build a trading strategy of longing for an SPX option and shorting an SPY
option, and examine the returns of this portfolio over the dividend periods.
The main results are summarized as follows: 1) American style SPY call and
put options are mostly more expensive than their SPX counterparts from the mean
difference tests, satisfying our knowledge that American options are normally more
expensive than European options because of the early exercise option. While we find
that some SPY options are smaller than SPX options by comparing two daily prices
in the whole sample period. The proportion of SPY options less expensive than SPX
options for calls is larger than that for SPY and SPX puts. Our results show American
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SPY options are not always more expensive than European SPX options from a time-
series perspective, and this is more pronounced for SPY and SPX call option pairs.
2) The dividend can be a factor to explain the SPY and SPX difference variation over
time, especially for the call options difference. On dividend months, the difference
between SPY and SPX call options decreases, and the results are also significant on
the cross-section regressions. The dividend effect on SPY and SPX put options are
weak. 3) We can earn significant risk-free option returns by forming long-short SPY
and SPX option pairs around ex-dividend dates. These option portfolio returns are
significant for both call and put pairs. This chapter provides important empirical
evidence for the impacts of dividend payments on options prices.
The remainder of our paper proceeds as follows. Section 4.2 describes the data
and variables. In Section 4.3, we present the methodologies and empirical results.
Section 4.4 shows the results for the trading strategy. The last section concludes.
4.2 Data
4.2.1 SPX and SPY
SPX and SPY quotes are obtained from OptionMetrics accessed from the Wharton
Research Data Services (WRDS), which provides the daily close quotes, from 1 Jan-
uary 2005 to 31 December 2019. SPX and SPY returns are daily percentage returns,
where SPY returns include dividends paid quarterly, obtained from OptionMetrics.
4.2.2 Dividends in SPY
Similar to equities, SPY also pays dividends. SPY pays quarterly dividends on
March, June, September and December, respectively, since 17 March 1995, not the
inception date of 22 January 1993. Our dividend data are obtained from Option-
Metrics. Figure 4.2 shows the scatter plot of the SPY dividend amount and the time
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series of SPY prices. Aligning with the dynamics of SPY, the dividend amount in-
creases with the upward trend of SPY. The average dividend amount is 0.86, and the
average ratio of dividends to SPY quotes is 0.005.
When we study the dividend effects on the dynamics of securities, we mainly
care about the timing of declaration, ex-dividend and payment dates. After exclud-
ing abnormal dividend dates, which may be the data errors in the OptionMetrics, we
find that the average period of the declaration dates before the ex-dividend dates is
23 days, and the average period of the payment dates after the ex-dividend dates
is 43 days. By studying the length of dividend periods, we can construct precise
time-windows to test the dividend effects on option prices, i.e., we can construct
a self-financing portfolio based on the pattern of options around the dividend pay-
ments to test whether dividends contain information to earn risk-free option returns.
Our construction is similar to the Hartzmark and Solomon (2013), where they study
the portfolio characteristic returns on dividends on the announcement day, the pre-
dicted announcement day and the ex-dividend day. They study the dividend effects
on equity returns, where we study the dividend effects on option prices.
Table 4.2 presents the summary statistics by quarter for dividends from 10 Jan-
uary 2005 to 31 December 2019. This 15-year data contain 60 observations for div-
idends. The average ex-dividend date for each quarter is on the 18th of each ex-
dividend month, namely 18 March, 18 June, 18 September and 18 December. It
shows that SPY pays regular dividends over time.
4.2.3 SPX and SPY options
SPX and SPY options are two similar options but with distinct differences. The op-
tions data are from OptionMetrics with the period from 11 January 2005 to 31 De-
cember 2019. Table 4.3 compares features of SPX and SPY options from different
perspectives.
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Table 4.4 presents the trading activities of SPY and SPX options based on ma-
turity categories. The mean trading volume and open interests of SPY options are
larger than that of SPX options, indicating that SPY options are more liquid in terms
of the trading volume. Both SPY and SPX options are more active in the short-term
maturities. Trading volume, and their activity decrease with maturity. When com-
paring the mean number of strike price in each maturity category, we find that SPY
options provide more than two times than those of SPX options, that is because a
contract of SPX options is more expensive than a contract of SPY options.
4.3 Empirical analysis
4.3.1 Scaled premiums for SPX and SPY options
We form the scaled premiums of 25 calls and 25 puts for SPY and SPX options with
a target time to maturities of 30, 60, 90, 120 or 180 days and targeted moneyness of
0.96, 0.98, 1.0, 1.02 and 1.04. Here, the premiums are scaled by their corresponding
strike prices so that the SPY and SPX premiums can be compared under the same
measure. The appendix presents the theory for doing this scaling. Moneyness is
defined as the ratio of stock price to the underlying price.
For each portfolio with a constant maturity and constant moneyness, we apply a
two-dimensional linear interpolation in the maturity-moneyness panel. Our target
portfolios ensure that all the calculations are interpolation, which avoids the unreli-
able results associated with extrapolation.
Table 4.5 reports the time-series average of scaled SPY and SPX call option prices
across maturities and moneyness. For SPY and SPX call options, the scaled pre-
miums increase with moneyness and maturity, which is consistent with the option
pricing theories. The SPY premium is mostly larger than that of the SPX options un-
der the same maturity and moneyness, likely because American SPY options enable
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investors to exercise before the expiration date. Table 4.6 presents the estimating re-
sults for the time-series premium difference between SPY and SPX options. All the
standard errors of the results are adjusted by Newey-West with six lags. It shows
that except for three in-the-money pairs, SPY premiums are significantly larger than
those of SPX options.
Table 4.7 reports the scaled premiums for SPY and SPX put options. The SPY and
SPX scaled premiums increase with time-to-maturity, but decrease with moneyness.
Similar to the comparing results of SPY and SPX call options, the SPY put option
premiums are mostly larger than those of SPX options. Table 4.8 reports the estimat-
ing results for the time-series difference between SPY and SPX put option premiums
under the same maturity and moneyness. It shows that all SPY scaled premiums are
larger than those of SPX options.
We also document the proportion of SPY prices less than those of SPX options
across maturities and moneyness in time-series observations. Table 4.9 reports the
results for scaled SPY and SPX call and put options, respectively. Panel A shows that
more than 17% of scaled SPY options are cheaper than the corresponding scaled SPX
options, which is in contrast with our intuition that American options are expensive
than SPX options with the same underlying securities, moneyness and maturities.
Panel B shows the results for put options. We find that parts of scaled SPY put
options are cheaper than those of SPX put options with the same security price,
moneyness and maturity. The proportion of the scaled SPY options less than those of
SPX options are smaller for put options than the ratio for call options, which implies
the call option prices for SPY and SPX options deviate more from theory than their
call options. In our paper, we compare the option prices scaled by their strike prices,
which ensures our comparison is meaningful.
By comparing SPY and SPX option prices under the same moneyness and ma-
turities, we find that SPX options are more expensive than SPX options on average,
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but there are some times where scaled SPY options are less expensive than scaled
SPX options.
4.3.2 Are SPY options more expensive than SPX options?
We explore whether SPY options are more expensive than SPX options. We use the
monthly frequency data because we want to include the dividend effect across the
whole months. Before the ex-dividend dates, the dividend-security will drop by the
amount of the dividend. The SPY (American) call options may be exercised early
before the ex-dividend dates, which means investors may have more trading for SPY
call options around the ex-dividend dates. Hartzmark and Solomon (2013) provide
evidence that security trading is more active around ex-dividend dates.
Table 4.10 documents the mean daily differences for SPY and SPX call and put
options on non-dividend months and dividend months, respectively. The dividend
months are March, June, September and December. The other months are non-
dividend months. Panel A presents the results for SPY and SPX call option dif-
ferences. For the non-dividend paying months, all the SPY option prices are higher
than those of SPX options across moneyness and time-to-maturities, consistent with
the theory that American options are higher than their European counterparts (Barone-
Adesi and Whaley, 1987). The price differences in SPY and SPX call options in-
crease with moneyness and decrease with maturity. The SPY and SPX differences
seem to be related to liquidity, as trading activities of options vary with moneyness
and maturity. For the dividend-paying months, we can see that the SPY and SPX
differences become smaller, close to zero, compared with the non-dividend paying
months. Some SPY options present lower prices than SPX options on maturities of
30, 60, 120 and 180 days. This is in contrast with our knowledge that SPY options are
more expensive than SPX options. The dividend explains this phenomenon. Panel
B reports the results for SPY and SPX put option differences. The SPY options are all
Chapter 4. Are American options always more expensive than European options?
Evidence from SPX and SPY options
110
greater than SPX options under the same maturity and moneyness, and the differ-
ences are similar to those for call options. The SPY options are all larger than those
for SPX options on the dividend-paying months, which are different from the results
of SPY and SPX call option prices. This shows that the dividend has different effects
on the SPY and SPX call options.
We also expand our analysis to 36 pairs of SPY and SPX options with moneyness
of 0.96, 0.98, 0.99, 1.0, 1.01, and 1.02, and maturities of 30, 60, 90, 120, 150 and 180
days to increase the robustness of our results. Table 4.11 and 4.12 report the average
price for SPY and SPX call and put options, respectively. It shows that SPY options
are more expensive than SPX options on average. When calculating the proportion
of SPY options less expensive than SPX options, we find that there are some SPY
options less expensive than SPX options as in Table 4.13. These results are consistent
with our previous results.
4.3.3 Dividend effect on the option premium difference
We also document the pattern of the differences between SPY and SPX option quotes
around ex-dividend dates to examine if there are systematic effects on the differ-
ences associated with the dividend payments. As we know, an American call option
should only ever be exercised early if the underlying pays dividends, because the
time-value of money will be wasted if early exercise the call option without divi-
dend (Barraclough and Whaley, 2012). The early exercise for American call options
is suggested to happen before the ex-dividend dates. Using the dividend date as
a reference date, we find the minimum and maximum difference between SPY and
SPX prices in each time window containing dividend. Based on the declaration dates
before the ex-dividend dates and the payment dates after the ex-dividend dates, we
set each dividend period containing the time-period 23 days before the ex-dividend
until the beginning of the next dividend period.
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Table 4.14 reports days of the minimal and maximal differences between SPY and
SPX option prices before and after the ex-dividend dates. If the days of the minimal
is negative, meaning the minimal difference is after the ex-dividend dates. Similarly,
if the days of the maximal is negative, meaning the maximal difference is before the
ex-dividend dates. The table shows that the minimal differences between SPY and
SPX call option quotes are before the ex-dividend dates, and the maximal differences
are after the SPY ex-dividend dates. However, the minimal and maximal difference
between SPY and SPX put options are mostly after the ex-dividend dates. It shows
the differences between SPY and SPX call and put options exhibit different pattern
around the ex-dividend periods, and the dividend could be a key factor to explain
these differences.
4.3.4 Time-series analysis of the dividend effect
In this section, we run the time-series regression of SPY and SPX price difference on
the dividend. We regress the 25 option differences across moneyness and maturities
on the time-series of dividends and test the overall significance of the dividend on
these 25 portfolios. We run the following time-series for the differences on calls and
puts, respectively,
pSPY−SPXi,t = αi + βiDVDi,t + εi,t, (4.1)
where pSPY−SPXi,t is the option price difference for SPY and SPX pair i at month t.
DVDi,t is a dummy variable representing a ex-dividend month, where the value is
one amid March, June, September and December, other months is zero. For call or
put options, we both have twenty-five SPY and SPX pairs. We run fifty indepen-
dent time-series regressions in total. We use the Newey-West (Newey and West,
1987) standard errors to adjust for the autocorrelation and heteroskedasticity in the
regressions. The Newey-West standard errors are computed with six lags.
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Table 4.15 reports the results of time-series regressions. Panel A presents the re-
sults for the twenty-five SPY and SPX call option pair differences. Nineteen out of
twenty-five SPY and SPX call option differences show significant negative results on
SPY dividend-paying months. This shows that the SPY and SPX call option differ-
ences narrow during the SPY dividend-paying months. The dividend factor is one
significant factor to explain the variation of SPY and SPX option premium differ-
ences over time. Panel B shows the time-series results for SPY and SPX put option
differences. Twenty-four out of twenty-five SPY and SPX option differences show
significant results. Our results show that there is a strong relation between divi-
dend dates and SPY and SPX option premium differences. Table 4.15 also reports
the Rsquare of the time-series regressions. We can find that the dividend has an in-
termediate explanatory power for the variation of the price difference in SPY and
SPX options.
4.3.5 Cross-sectional analysis of the dividend effect
In this section, we run the cross-sectional regression to examine the dividend effect
on the price difference between SPY and SPX options. We first run the time-series
regression of option price difference on the dividend variable to obtain coefficients of
dividend, and then we run the Fama-Macbeth (Fama and MacBeth, 1973) regression
on dividend coefficients.
Fama-Macbeth regression has two steps. The first step is to run the following
cross-sectional regression of the 25 SPY and SPX option pair differences on the load-
ings of dividends each month for calls and put respectively,




t + εi,t, (4.2)
where pSPY−SPXi,t is the pair i’s difference on month t, β
DVD
i,t is the factor loadings of
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dividends for the option difference pair i on month t. On each month t, we obtain
the dividend coefficient, λDVDt .
After obtaining a time series of the dividend coefficients, λDVDt , the second step
of the Fama-Macbeth regression is to conduct a time-series test on this time-series
coefficients to estimate the significance of the dividend effect on the option pair dif-
ference. For considering the effect of autocorrelation and heteroskedasticity, we ad-
just the results with the Newey-West (Newey and West, 1987) standard errors of 6
lags.
Table 4.16 reports the Fama-Macbeth results for the regression of SPY and SPX
option differences on the dividend. We can see that the dividend has a negatively
statistically significant effect on call options difference. This is consistent with our
time-series regression results of SPY and SPX call options difference. The dividend
does not have a significant effect on the SPY and SPX put option difference. The SPY
and SPX pairs with different maturities show different results, thus the dividend
effect cancels out in the cross-sectional regressions.
We find that there are significant difference between SPY and SPX options with
identical moneyness and maturities on average. SPY options are more expensive
than SPX options on average, but there are some times where SPY options are less
expensive than SPX options. We verify that dividend is associated with the vari-
ation of this difference. Around dividend dates, the differences between SPY and
SPX call option decreases. And the difference between SPY and SPX put options
increase. The differences between SPY and SPX options also vary with moneyness
and maturity.
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4.4 Trading strategies
Based on our results in the previous sections, we find that the SPY and SPX option
differences present a pattern around the ex-dividend dates. The SPY and SPX call
option differences increase on the short periods cross the ex-dividend dates. The
SPY and SPX put option differences decrease on short periods cross the ex-dividend
dates. In this section, we attempt to build a trading strategy to earn profit by exploit-
ing the dividend effect on SPY and SPX option premiums. For the SPY and SPX call
option portfolio, we long a unit of SPY option and short a unit of SPX option with
close moneyness and close maturities before the ex-dividend dates, and clear this
portfolio after the ex-dividend dates. For the put option portfolio, we short a unit of
SPY option and long a unit of SPX options with close moneyness and close maturi-
ties before the ex-dividend dates and clear this portfolio after the ex-dividend dates.
The price of options is midprice of the bid and ask prices. For each dividend-paying
date, we calculate the return of the portfolio in the holding period.
Table 4.17 reports returns of trading SPY and SPX option portfolios around the
ex-dividend dates. We find that there are significant option returns on buying and
selling SPY and SPX option pairs around the dividend periods. The length of the
holding period to earn significant returns for SPY and SPX call and put options are
different. For SPY and SPX call option pairs, we find that the most significant returns
occur by entering the portfolio 10 days before the ex-dividend dates. We can see that
entering the option 10 days before the ex-dividend dates and clearing the option
contracts 20, 25, 30 and 40 days can earn significant portfolio returns. Holding the
call option pair 5 days before the ex-dividend until 25 days after the ex-dividend
dates also earns a significant return of 2.6 per cent. For SPY and SPX put option pairs,
we find that the highest option significant returns occur by entering the portfolio 5
days before the ex-dividend dates. We can see that entering the option 5 days before
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the ex-dividend dates and clearing the option contracts 5, 15 and 20 days can earn
significant portfolio returns. Entering the put option portfolio 10 days before the ex-
dividend dates and clearing the portfolio 5 and 10 days after the ex-dividend dates
also earn intermediate significant returns, but with magnitude smaller than those of
entering 5 days before the ex-dividend dates. All the standard errors are adjusted
by Newey-West Newey and West (1987) standard errors with six lags for the effect
of auto-correlation.
To explore the impact of transaction costs on our trading strategy, we report the
returns of the portfolio consisting of SPX and SPY options with trading costs. We use
effective spread as a measure of trading costs. Table 4.18 shows that our portfolio
still earns significant portfolio returns including transaction costs.
4.5 Conclusion
We show that the dividend factor can be a significant factor to explain the difference
between SPY and SPX option differences overtime over the sample from 10 January
2005 to 31 December 2019. We first document the SPY and SPX differences over time
across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60, 90, 120 and
180 days. We find that SPY options are more expensive than SPX options for calls
and puts from mean difference tests. While the ratio of the number of SPY option
lower than that of SPX options, we find that some SPY options are lower than SPX
options with the same moneyness and maturity. Especially for call options, the ratio
is higher, indicating more SPY call options may be more affected by dividend.
We test the dividend effect on the SPY and SPX option differences over time
and on crosssection. We find that dividend can be a significant factor to explain the
variation of SPY and SPX option price differences, especially for the call option dif-
ferences. The SPY and SPX call option differences decrease in the dividend months.
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While for the put option difference, dividend exhibits different effect for puts with
different maturities. By building a long-short trading strategy around the dividend
dates, we can earn significant returns.
4.6 Appendix: A theory for scaling option premiums
We apply the BSM model to analysis why we need to compare the option premiums
scaled by the strike prices for SPY and SPX options.
Give the solution to a call European option as an example,
c = StN(d1)−Ke−rtN(d2), (4.3)
where St is the price of the underlying asset at time t, K is the strike price, N() is the
standard normal cumulative distribution function, d1 and d2 are defined as:
d1 =






d2 = d1 − σ
√
t.
The above σ is the implied volatility for the option price c. Divided the strike price







Chapter 4. Are American options always more expensive than European options?
Evidence from SPX and SPY options
117
Table 4.1: Summary statistics.
This table reports the descriptive statistics of SPX and SPY returns from 1 January
2005 to 31 December 2019. Panel C presents the Newey-West statistic of 6 lags for
the time-series difference between SPX and SPY returns.
Panel A: Summary Statistics
mean sd p5 p25 p50 p75 p95 skewness kurtosis
rSPX 0.0003 0.0116 -0.0178 -0.0038 0.0007 0.0054 0.0160 -0.1376 15.1201





Panel C: SPY and SPX Return Difference
Mean -1.59e-06
(.0000139)
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Table 4.2: Summary statistics for SPY dividends.
This table summarizes the quarterly SPY dividends by quarters. The quarterly mean
ex-dividend dates of SPY dividends are 18, March, 18 June, 18 September and 18
December from January 2005 to December 2019 with 60 dividend payments.
Dividend Mean Sd Skewness Kurtosis P5 P25 P50 P75 P95
18-Mar 0.75 0.26 0.57 1.86 0.47 0.55 0.64 1.03 1.23
18-Jun 0.83 0.30 0.58 2.06 0.49 0.56 0.69 1.08 1.43
18-Sep 0.86 0.29 0.52 1.94 0.51 0.60 0.78 1.08 1.38
18-Dec 1.00 0.32 0.35 1.74 0.59 0.72 0.98 1.33 1.57
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Table 4.3: Summary of characteristics for SPY and SPX
options.
This table summarizes the basic information for SPY and SPX options, including
underlying, underlying benchmark, exercise-style, settlement date, dividend, issuer
and underlying issuer.
SPX SPY
Underlying S&P 500 SPY ETF




Issuer CBOE State Street’s SPDR
Underlying Issuer S&P Global S&P Global
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Table 4.4: Summary of trading activities for SPY and SPX
options.
This table summarizes the mean open interest, trading volume and strike numbers
by maturity from 1 January 2005 to 31 December 2019.
Maturity overall < 30 30 - 90 90 - 180 180 - 360 > 360 < 180 > 180
Panel A: Trading Activities for SPY Options
Mean open interest 620754 967059 1122383 754316 306611 155728 971151 228274
Mean volume 66748 188731 123474 30857 7262 2389 122122 4723
Mean strike number 53 44 55 69 63 42 55 52
Mean maturity 247 18 53 131 271 626 61 455
Panel B: Trading Activities for SPX Options
Mean open interest 469935 592070 624555 506353 341333 256016 581988 301495
Mean volume 30280 62787 53258 19146 7280 3510 46762 5504
Mean strike number 86 93 130 98 49 49 110 49
Mean maturity 210 18 55 131 270 605 65 428
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Table 4.5: SPY and SPX daily call option prices.
This table reports the mean of the scaled option premiums for SPY and SPX call
options across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60,
90, 120 and 180 days. The sample period is from 10 January 2005 to 31 December
2019. The premium is divided by its strike price.
Panel A: SPY Call Option Premiums
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 0.005 0.009 0.018 0.032 0.049
60 0.009 0.016 0.026 0.040 0.056
90 0.013 0.022 0.033 0.047 0.062
120 0.018 0.027 0.039 0.053 0.068
180 0.027 0.037 0.049 0.063 0.077
Panel B: SPX Call Option Premiums
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 0.004 0.008 0.018 0.032 0.048
60 0.008 0.015 0.026 0.040 0.055
90 0.013 0.022 0.033 0.046 0.062
120 0.018 0.027 0.039 0.052 0.067
180 0.027 0.037 0.049 0.062 0.077
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Table 4.6: SPY and SPX daily call option price difference
tests.
This table reports the Newey-West tests for SPY and SPX option premium differences
across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60, 90, 120
and 180 days. The sample period is from 10 January 2005 to 31 December 2019.
To adjust for the series-correlation, Newey-West standard errors are reported in the
parenthesis with six lags. *, ** and *** indicate significance at 10%, 5% and 1% level.
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 9.19e-07*** 2.28e-07*** 3.53e-07*** 4.77e-07*** 6.02e-07***
(4.03e-08) (3.73e-08) (5.53e-08) (6.59e-08) (7.00e-08)
60 1.61e-07*** 1.79e-07*** 2.91e-07*** 4.45e-07*** 6.29e-07***
(3.43e-08) (4.35e-08) (5.69e-08) (6.70e-08) (7.34e-08)
90 6.03e-08*** 1.36e-07*** 2.62e-07*** 4.22e-07*** 6.08e-07***
(2.07e-08) (2.88e-08) (3.64e-08) (4.41e-08) (5.13e-08)
120 7.83e-09 7.99e-08** 2.12e-07*** 3.86e-07*** 5.89e-07***
(3.11e-08) (3.91e-08) (4.50e-08) (5.09e-08) (5.61e-08)
180 -1.58e-08 3.57e-08 1.54e-07*** 3.13e-07*** 4.96e-07***
(4.01e-08) (4.85e-08) (5.83e-08) (6.92e-08) (8.01e-08)
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Table 4.7: SPY and SPX daily put option prices.
This table reports the mean of the scaled option premiums for SPY and SPX put
options across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60,
90, 120 and 180 days. The premium is divided by its strike price. The sample period
is from 10 January 2005 to 31 December 2019.
Panel A: SPY Put Option Premiums
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 0.044 0.029 0.019 0.013 0.009
60 0.050 0.037 0.027 0.021 0.016
90 0.055 0.043 0.035 0.028 0.023
120 0.060 0.049 0.041 0.034 0.029
180 0.069 0.059 0.051 0.045 0.039
Panel B: SPX Put Option Premiums
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 0.043 0.029 0.018 0.012 0.008
60 0.049 0.036 0.027 0.020 0.016
90 0.054 0.042 0.034 0.027 0.022
120 0.059 0.048 0.040 0.033 0.028
180 0.068 0.058 0.050 0.044 0.038
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Table 4.8: SPY and SPX daily put option price difference
tests.
This table reports the Newey-West tests for SPY and SPX put option premium differ-
ences across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, and maturities of 30, 60, 90,
120 and 180 days. The sample period is from 10 January 2005 to 31 December 2019.
To adjust for the series-correlation, Newey-West standard errors are reported in the
parenthesis with six lags. *, ** and *** indicate significance at 10%, 5% and 1% level.
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 1.01e-06*** 8.00e-07*** 5.58e-07*** 4.03e-07*** 3.05e-07***
(1.23e-07) (6.92e-08) (4.45e-08) (3.01e-08) (2.25e-08)
60 1.41e-06*** 9.83e-07*** 6.77e-07*** 4.99e-07*** 3.86e-07***
(6.59e-08) (4.39e-08) (2.96e-08) (2.17e-08) (1.70e-08)
90 1.51e-06*** 1.05e-06*** 7.65e-07*** 5.77e-07*** 4.51e-07***
(5.71e-08) (3.73e-08) (2.84e-08) (2.32e-08) (2.12e-08)
120 1.65e-06*** 1.19e-06*** 8.97e-07*** 7.00e-07*** 5.57e-07***
(6.34e-08) (4.42e-08) (3.40e-08) (2.79e-08) (2.37e-08)
180 1.94e-06*** 1.42e-06*** 1.08e-06*** 8.38e-07*** 6.57e-07***
(6.59e-08) (4.96e-08) (4.82e-08) (5.18e-08) (5.93e-08)
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Table 4.9: SPY and SPX price comparison.
This table reports the ratio of SPY option prices lower than SPX options across mon-
eyness of 0.96, 0.98, 1.0, 1.02, 1.04, and maturities of 30, 60, 90, 120, and 190 days.
The ratio is calculated as the ratio of the number of days that SPY option prices
lower than that of SPX options over the number of sample days. The sample period
is from 10 January 2005 to 31 December 2019.
Panel A: SPY and SPX call options
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 0.17 0.34 0.34 0.32 0.31
60 0.46 0.49 0.47 0.44 0.41
90 0.44 0.45 0.42 0.39 0.37
120 0.41 0.40 0.38 0.36 0.33
180 0.50 0.48 0.45 0.41 0.37
Panel B: SPY and SPX put options
30 0.45 0.46 0.44 0.42 0.39
60 0.19 0.19 0.19 0.19 0.18
90 0.11 0.12 0.12 0.13 0.14
120 0.16 0.17 0.18 0.18 0.19
180 0.06 0.06 0.07 0.07 0.08
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Table 4.10: Summary statistics for SPY and SPX option
differences by dividends.
This table reports the average daily SPY and SPX option differences on non-dividend
months, and dividend months (March, June, September and December of 15 years)
for calls and puts respectively. The differences are reported for SPY and SPX option
pairs across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, maturities of 30, 60, 90 120
and 180 days. The sample period is from 10 January 2005 to 31 December 2019.




0.96 0.98 1 1.02 1.04
30 0.0003 0.0005 0.0009 0.0012 0.0014
60 0.0002 0.0002 0.0004 0.0007 0.0009
90 0.0001 0.0002 0.0003 0.0005 0.0007
120 0.0002 0.0003 0.0005 0.0007 0.0010
180 0.0000 0.0001 0.0002 0.0004 0.0006
Dividend paying months
30 -0.0002 -0.0005 -0.0008 -0.0010 -0.0009
60 0.0001 0.0000 0.0000 0.0000 0.0000
90 0.0001 0.0001 0.0002 0.0003 0.0005
120 -0.0004 -0.0005 -0.0004 -0.0003 -0.0002
180 -0.0001 -0.0001 0.0000 0.0001 0.0003




0.96 0.98 1 1.02 1.04
30 0.0003 0.0003 0.0003 0.0003 0.0002
60 0.0014 0.0010 0.0007 0.0005 0.0004
90 0.0012 0.0008 0.0005 0.0004 0.0003
120 0.0014 0.0010 0.0007 0.0006 0.0005
180 0.0017 0.0012 0.0009 0.0007 0.0005
Dividend paying months
30 0.0024 0.0017 0.0011 0.0007 0.0005
60 0.0013 0.0009 0.0006 0.0004 0.0003
90 0.0021 0.0016 0.0012 0.0010 0.0008
120 0.0021 0.0016 0.0012 0.0010 0.0008
180 0.0023 0.0018 0.0015 0.0012 0.0010
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Table 4.11: SPY and SPX daily call option prices.
This table reports the mean of the scaled option premiums for SPY and SPX call
options across moneyness of 0.96, 0.98, 0.99, 1.0, 1.01, and 1.02, and maturities of
30, 60, 90, 120, 150 and 180 days. The sample period is from 10 January 2005 to 31
December 2019. The premium is divided by its strike price.
Panel A: SPY Call Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.0060 0.0086 0.0127 0.0182 0.0248 0.0322
60 0.0116 0.0156 0.0206 0.0264 0.0330 0.0402
90 0.0171 0.0218 0.0271 0.0332 0.0398 0.0468
120 0.0222 0.0272 0.0328 0.0390 0.0456 0.0526
150 0.0270 0.0322 0.0379 0.0441 0.0507 0.0577
180 0.0314 0.0368 0.0427 0.0489 0.0555 0.0625
Panel B: SPX Call Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.0055 0.0083 0.0124 0.0178 0.0243 0.0317
60 0.0114 0.0154 0.0203 0.0261 0.0326 0.0397
90 0.0170 0.0216 0.0270 0.0329 0.0394 0.0464
120 0.0222 0.0271 0.0327 0.0387 0.0453 0.0522
150 0.0270 0.0322 0.0379 0.0440 0.0506 0.0575
180 0.0314 0.0368 0.0426 0.0488 0.0553 0.0621
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Table 4.12: SPY and SPX daily put option prices.
This table reports the mean of the scaled option premiums for SPY and SPX call
options across moneyness of 0.96, 0.98, 0.99, 1.0, 1.01, and 1.02, and maturities of
30, 60, 90, 120, 150 and 180 days. The sample period is from 10 January 2005 to 31
December 2019. The premium is divided by its strike price.
Panel A: SPY Put Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.0366 0.0294 0.0234 0.0187 0.0152 0.0125
60 0.0431 0.0369 0.0317 0.0274 0.0238 0.0209
90 0.0489 0.0434 0.0386 0.0345 0.0309 0.0279
120 0.0544 0.0492 0.0446 0.0406 0.0371 0.0340
150 0.0595 0.0545 0.0501 0.0462 0.0426 0.0395
180 0.0641 0.0593 0.0550 0.0512 0.0477 0.0445
Panel B: SPX Put Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.0357 0.0286 0.0227 0.0182 0.0147 0.0121
60 0.0419 0.0359 0.0309 0.0267 0.0233 0.0204
90 0.0477 0.0423 0.0377 0.0337 0.0303 0.0273
120 0.0530 0.0480 0.0436 0.0397 0.0363 0.0333
150 0.0579 0.0532 0.0490 0.0452 0.0418 0.0388
180 0.0625 0.0579 0.0538 0.0501 0.0467 0.0437
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Table 4.13: Proportion of SPY options less than SPX options.
This table reports the ratio of SPY option prices lower than SPX options across mon-
eyness of 0.96, 0.98, 0.99, 1.0, 1.01, and 1.02, and maturities of 30, 60, 90, 120, 150, and
180 days. The ratio is calculated as the ratio of the number of days that SPY option
prices lower than that of SPX options over the number of sample days. The sample
period is from 10 January 2005 to 31 December 2019.
Panel A: SPY and SPX call Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.26 0.34 0.34 0.34 0.34 0.32
60 0.49 0.49 0.48 0.47 0.45 0.44
90 0.45 0.45 0.44 0.42 0.41 0.39
120 0.41 0.40 0.39 0.38 0.36 0.36
150 0.47 0.46 0.45 0.45 0.43 0.42
180 0.49 0.48 0.46 0.45 0.43 0.41
Panel B: SPY and SPX Put Options Premiums
`````````````̀Maturity
Moneyness
0.97 0.98 0.99 1 1.01 1.02
30 0.45 0.45 0.45 0.44 0.42 0.42
60 0.19 0.19 0.20 0.19 0.19 0.19
90 0.11 0.12 0.12 0.12 0.12 0.13
120 0.17 0.17 0.18 0.18 0.18 0.18
150 0.07 0.08 0.09 0.09 0.09 0.10
180 0.06 0.06 0.06 0.07 0.07 0.07
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Table 4.14: Minimal and maximal SPY and SPX return
difference dates.
This table reports the number of days before and after the ex-dividend dates for the
average minimal and maximal SPY and SPX option differences in each dividend-
paying quarter from January 2005 to December 2019. Each dividend-paying quarter
contains around 66 business days from 26 days before the ex-dividend dates and 40
days after the dividend-paying dates. The negative number indicates the opposite
direction of days before and after the ex-dividend dates.
Panel A: SPY and SPX call options
Minimal Maximal Minimal Maximal Minimal Maximal Minimal Maximal Minimal Maximal
0.96 0.98 1 1.02 1.04
30 10 19 8 23 5 30 1 34 4 29
60 4 16 10 12 10 12 11 13 9 13
90 0 12 2 8 0 9 -2 9 1 8
120 3 19 4 19 3 18 5 16 4 16
180 6 12 4 10 4 10 6 10 4 11
Panel B: SPY and SPX put options
30 -30 -7 -34 -10 -33 -9 -27 -10 -28 -7
60 -10 -2 -10 -3 -7 -3 -10 -3 -12 4
90 -18 1 -17 -2 -17 -2 -17 0 -17 1
120 -21 -7 -22 -6 -20 -5 -21 -5 -22 5
180 -14 -3 -15 -2 -14 -2 -16 -3 -16 -1
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Table 4.15: Time-series results for dividend effect.
This table reports the time-series results of SPY and SPX differences on the dividend
variable. The average daily difference of SPY and SPX across moneyness of 0.96,
0.98, 1.0, 1.02, and 1.04, and maturities of 30, 60, 90, 120 and 180 days are regressed on
the dummy dividend variable. When dividend dummy variable is 1 on March, June,
September and December, on other months is 0. To adjust for the series correlation,
the t-statistics are adjusted with Newey-West standard errors with six lags. *, **, and
*** indicate significance on 10%, 5% and 1% level.
Panel A: SPY and SPX call option differences
`````````````̀Maturity
Moneyness
0.96 0.98 1 1.02 1.04
30 DVD -0.000428*** -0.000950*** -0.00171*** -0.00215*** -0.00231***
(-4.193) (-9.431) (-20.04) (-24.67) (-21.68)
Constant 0.00107*** 0.000545*** 0.000925*** 0.00120*** 0.00138***
(9.348) (9.966) (17.52) (21.14) (22.91)
R2 0.061 0.469 0.699 0.749 0.773
60 DVD -6.04e-05 -0.000194*** -0.000426*** -0.000678*** -0.000910***
(-1.302) (-3.423) (-5.513) (-7.202) (-8.600)
Constant 0.000179*** 0.000240*** 0.000430*** 0.000668*** 0.000931***
(4.210) (6.095) (8.790) (10.68) (12.18)
R2 0.002 0.013 0.039 0.075 0.116
90 DVD -2.35e-05 -4.75e-05 -8.21e-05 -0.000122 -0.000198**
(-0.710) (-0.957) (-1.253) (-1.465) (-1.979)
Constant 6.80e-05** 0.000152*** 0.000290*** 0.000463*** 0.000675***
(2.237) (3.855) (5.871) (7.123) (8.288)
R2 0.002 0.004 0.007 0.010 0.019
120 DVD -0.000637*** -0.000799*** -0.000955*** -0.00107*** -0.00115***
(-9.289) (-10.55) (-11.38) (-11.66) (-11.65)
Constant 0.000222*** 0.000349*** 0.000534*** 0.000745*** 0.000975***
(8.135) (9.485) (11.68) (13.32) (14.59)
R2 0.336 0.340 0.362 0.347 0.329
180 DVD -0.000160** -0.000186** -0.000226* -0.000251* -0.000281
(-2.417) (-2.029) (-1.906) (-1.690) (-1.540)
Constant 4.06e-05 0.000101 0.000233* 0.000401** 0.000595***
(0.485) (0.921) (1.657) (2.249) (2.762)
R2 0.011 0.009 0.009 0.007 0.006
Panel B: SPY and SPX put option differences
30 DVD 0.00215*** 0.00138*** 0.000780*** 0.000443*** 0.000253***
(6.959) (13.21) (11.51) (9.592) (7.045)
Constant 0.000291* 0.000341*** 0.000298*** 0.000255*** 0.000222***
(1.886) (3.381) (3.973) (4.307) (4.390)
R2 0.232 0.275 0.203 0.130 0.069
60 DVD -9.54e-05 -0.000160** -0.000155*** -0.000123*** -0.000101***
(-0.848) (-2.161) (-3.040) (-3.208) (-3.778)
Constant 0.00144*** 0.00104*** 0.000730*** 0.000540*** 0.000420***
(9.588) (14.01) (18.20) (18.30) (13.45)
R2 0.003 0.017 0.032 0.035 0.032
90 DVD 0.000920*** 0.000784*** 0.000675*** 0.000574*** 0.000475***
(7.874) (8.704) (8.928) (8.586) (7.689)
Constant 0.00119*** 0.000788*** 0.000536*** 0.000383*** 0.000290***
(5.868) (7.166) (7.860) (9.098) (8.966)
R2 0.146 0.285 0.384 0.426 0.365
120 DVD 0.000708*** 0.000553*** 0.000474*** 0.000388*** 0.000316***
(7.701) (7.959) (9.359) (9.365) (8.891)
Constant 0.00142*** 0.00100*** 0.000738*** 0.000569*** 0.000451***
(7.431) (9.341) (10.82) (11.67) (11.26)
R2 0.065 0.093 0.123 0.126 0.114
180 DVD 0.000567*** 0.000588*** 0.000567*** 0.000546*** 0.000520***
(4.010) (4.707) (3.952) (3.253) (2.623)
Constant 0.00175*** 0.00122*** 0.000890*** 0.000654*** 0.000483***
(7.005) (8.239) (6.870) (4.762) (2.976)
R2 0.040 0.091 0.089 0.069 0.046
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Table 4.16: Fama-Macbeth regressions for dividend.
This table presents the results of Fama-Macbeth regressions of SPY and SPX call and
put option differences across moneyness of 0.96, 0.98, 1.0, 1.02 and 1.04, maturities
of 30, 60, 90, 120 and 180 days on dividend dummy month variable. The dividend
is 1 on the SPY dividend-paying months, March, June, September and December, on
other months is 0. The sample period is from January 2005 to December 2019. The
t-statistics are reported in the parentheses after the Newey-West adjustments with
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Table 4.17: Summary for trading SPY and SPX returns.
This table reports return strategy consisting of a SPY and a SPX option contract.
Before the ex-dividend dates, the investor longs a SPY option contract and shorts
a SPX option contract, then clears the SPY and SPX option contracts after the divi-
dend dates. BD denotes the days before the ex-dividend date of entering the trad-
ing. AD denotes the days after the ex-dividend date of clearing the two option con-
tracts. Call retSPY−SPX is the time-series average return of holding this portfolio.
callpSPY−SPX is the p-value of this call portfolio returns. Put retSPY−SPX is the
time-series average return of holding this put portfolio. put pSPY−SPX is the p-value
of this put portfolio returns.
before after datex gap datey gap call ret put ret
5 5 30 30 0.003 0.029***
5 10 30 30 0.012 0.017*
5 15 30 30 0.014 0.035***
5 20 30 30 0.024 0.019*
5 25 30 30 0.026** 0.017
10 5 30 30 -0.006 0.011**
10 10 30 30 0.002 0.019*
10 15 30 30 0.014 -0.001
10 20 30 30 0.034** 0.011
10 25 30 30 0.025*** 0.019
10 30 60 60 0.034** 0.03
10 35 60 60 0.012 0.013
10 40 60 60 0.016** 0.013
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Table 4.18: Summary for trading SPY and SPX returns with
transaction costs.
This table reports return strategy consisting of a SPY and a SPX option contract with
transactions costs. Before the ex-dividend dates, the investor longs a SPY option con-
tract and shorts a SPX option contract, then clears the SPY and SPX option contracts
after the dividend dates. BD denotes the days before the ex-dividend date of enter-
ing the trading. AD denotes the days after the ex-dividend date of clearing the two
option contracts. Call retSPY−SPX is the time-series average return of holding this
portfolio. callpSPY−SPX is the p-value of this call portfolio returns. Put retSPY−SPX
is the time-series average return of holding this put portfolio. put pSPY−SPX is the
p-value of this put portfolio returns.
Call opton portfolio return Put opton portfolio return
Assumed Bid-Ask Effective Spread
Moneyness Before After Interval Interval 25% 50% 75% 25% 50% 75%
1 5 5 30 30 0.00271 0.00270 0.00270 -0.02936** -0.02929** -0.02921**
1 5 10 30 30 0.01171 0.01168 0.01165 -0.01737* -0.01733* -0.01728*
1 5 15 30 30 0.01360 0.01357 0.01353 -0.03462*** -0.03453*** -0.03445***
1 5 20 30 30 0.02440 0.02433 0.02427 -0.01856* -0.01851* -0.01846*
1 5 25 30 30 0.02619** 0.02612** 0.02606** -0.01729 -0.01724 -0.01720
1 10 5 30 30 -0.00723 -0.00721 -0.00719 -0.01083** -0.01080** -0.01077**
1 10 10 30 30 0.00088 0.00087 0.00087 -0.01867* -0.01863* -0.01858*
1 10 15 30 30 0.01282 0.01279 0.01276 0.00093 0.00093 0.00093
1 10 20 30 30 0.03316** 0.03308** 0.03299** -0.01112 -0.01109 -0.01106
1 10 25 30 30 0.02452*** 0.02446*** 0.02440*** -0.01878 -0.01873 -0.01869
1 10 30 60 60 0.03265*** 0.03257*** 0.03249*** -0.03030 -0.03022 -0.03015
1 10 35 60 60 0.00989 0.00987 0.00984 -0.01338 -0.01335 -0.01332
1 10 40 60 60 0.01472* 0.01469* 0.01465* -0.01362 -0.01358 -0.01355
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Figure 4.1: Cumulative SPY and SPX returns.
This figure shows the cumulative SPY and SPX returns from 1 January 2005 to 31
December 2019.
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Figure 4.2: SPY dividends.
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Figure 4.3: Daily trading activity of SPY and SPX options.
This figure shows the total trading volume (in millions) and dollar trading value (in
millions) for SPY and SPX options, the trading volume and dollar trading volume
for call and put options for respectively.
SPX Options SPY Options
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Figure 4.4: Time-series difference between SPY and SPX call
option premiums.
This figure plots the time-series difference between SPY and SPX call options premi-
ums with time-to-maturity of 30, 60 and 90 days and moneyness of 1.
(a) 30 days and 1 moneyness (b) 60 days and 1 moneyness
(c) 90 days and 1 moneyness
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Figure 4.5: Time-series difference between SPY and SPX put
option premiums.
This figure plots the time-series difference between SPY and SPX put options premi-
ums with time-to-maturity of 30, 60 and 90 days and moneyness of 1.
(a) 30 days and 1 moneyness (b) 60 days and 1 moneyness




In this thesis, we study the most liquid index options, SPX options, and the most liq-
uid ETF options, SPY options, and compare their option premiums under the same
moneyness and maturity. SPX and SPY options are very liquid in the market. There
is a huge amount of funds investing in these two options. Studying these options can
provide important information for practitioners to allocate their portfolios and de-
crease risk, and also provide important empirical evidence for scholars to model the
dynamics of index and ETF options, and build a link between these two important
option markets.
In Chapter 2, we apply the method of Zhang and Xiang (2008) to quantify the
IV curves of SPY options. We obtain the level, slope and curvature of the IV curves.
We also calculate the time series of the level, slope and curvature with constant ma-
turities. From in-sample and out-of-sample tests, we find that the first difference of
the slope can significantly predict next-month SPY returns. The certainty equivalent
returns of a mean-variance portfolio based on the predictive results of predictors
further verifies the predictive power of the slope difference. Our results are robust
under the control of many popular equity premium predictors.
We find that the well-documented IV smirk of options only appears during the
GFC period for SPY options. This pattern is different from the IV smirk of index
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options, indicating that the IV pattern may be changing over time. We also find
that the IV smirk in the GFC period is associated with jumps. The jump of returns
makes the IV curves become more negatively skewed and positively curved during
the GFC period. Our in-sample and out-of-sample tests find that most predictors
that are significant in in-sample tests do not show predictive power in out-of-sample
tests. The first difference of the slope factor is the only significant predictor in both
in-sample and out-of-sample tests. The trading portfolio consisting of a risk-free
and a security based on the predictive results can obtain a high certainty equivalent
return and Sharpe Ratio. Our results are robust under the control of predictors from
Welch and Goyal (2008) and Moskowitz et al. (2012).
In Chapter 3, we quantify the IV curves of SPX options using the method of
Zhang and Xiang (2008), and calculate the level, slope and curvature with constant
maturities. We find the term spread of the level can significantly predict daily and
monthly VRP, proxied by S&P 500 synthetic variance swap returns and S&P 500
straddle returns. Our results are robust under many tests.
We find that the level term spread is the only significant factor to predict variance
asset returns, and that the other higher moment risks cannot predict variance asset
returns. We also find that the level term spread factor exhibits stronger predictive
ability for S&P 500 straddle returns than for synthetic variance swap returns. The
monthly variance asset returns are easier to predict relative to daily returns, because
the daily returns may contain much noise. Our results are robust under different
measures and many control variables.
In Chapter 4, we document SPX and SPY option premiums under constant mon-
eyness and maturities and compare whether SPY and SPX option premiums are sig-
nificantly different. We find that American SPY options are not always greater than
European SPX options. The dividend can be a significant explanatory factor to ex-
plain the variation of SPY and SPX options premium difference over time. We can
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build a long-short strategy around dividend dates to earn risk-free returns.
We find that SPY options are more expensive than SPX options on average, which
satisfies the theory that American options should be more expensive than European
option because of the early exercise right. However, SPY options are not always
greater than SPX options. There is a proportion of SPY options that are not greater
than SPX options based on a daily price comparison. The difference between SPX
and SPY options changes around dividend dates. The timing of dividends is a signif-
icant factor to explain the variation of this difference. The SPY and SPX call options
difference decreases near dividend payment dates, and the put option difference in-
creases near dividend payment dates. The dividend effect on call options difference
is more significant than it is on put options’ difference.
Potential future research
In our thesis, we examine the predictive power of IV factors on single index or ETF
options. We could obtain more index or ETF options and test the predictive power
of IV factors for cross section of their returns, which would enable us to obtain more
robust results. Our results imply that options market contain important information
for future dynamics of equity price and variance price, so that investors can gain
indicative information from options markets.
We test the predictive power of IV factors based on linear assumptions between
dependent factors and IV factors. In our future study, we could consider nonlin-
earity forms, and apply more complex nonlinear models to increase the predictive
power of IV factors.
In Chapter 4, we document the price difference between SPY (American style)
options and SPX (European style) options. We find that dividend could be a factor
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to explain the variation of this difference. In our future study, we could consider
more pairs of options in these types.
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Appendix A
A list of research output during the
PhD period
In addition to the three essays listed in the thesis, I also finished a publication and a
working paper during my PhD period of 2018 to 2021:
[1] Jiexiang Huang, Wei Guo* and Jin E. Zhang, 2020, Do stocks outperform bank
deposits in China?, Pacific-Basin Finance Journal 64, 101464
[2] Wei Guo, Xinfeng Ruan, and Jin E. Zhang, 2021, Variance risk premium and
cross-section of option returns.
This paper builds a corss-section of SPX option returns with constant matu-
rities and monnyness and studies the variace-related factors that can impact
the option returns. This paper explores the factors that may impact the option
returns from a cross-sectional aspect.
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